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Abstract

Legal regulations, financial criticality, and low trust in the evolving use of Al in engineering project management
make Explainable AI (XAI) essential. Current research in XAl is focused on feature-attribution tools like SHapley
Additive exPlanations (SHAP) and Local Interpretable Model-agnostic Explanations (LIME). Their outputs align with
the expectations of data scientists but are not readily understandable to most engineering project managers, who work
with Gantt charts and earned value scores. This paper introduces the Tri-Modal Explanation Architecture (TMEA)
that generates three coordinated outputs from a single decision-tree surrogate of a Proximal Policy Optimization (PPO)
control policy: a Gantt schedule overlay, a KPI partial-derivative panel, and a Structured Decision Rationale (SDR).
Temporal, magnitude, and causal alignment between the three outputs is enforced by a Cross-Modal Consistency
Mechanism (CMCM); explanations that fail alignment are withheld rather than released. A simulation environment
built from an empirical project database (187 real projects) produces scenarios that are statistically indistinguishable
from real earned-value trajectories, confirmed by K-S tests (D < 0.032, p > 0.419). Across 1,400 bootstrapped
scenarios and a comparison against GPT-40 with and without retrieval augmentation (RAG), the Tri-Modal
configuration delivers higher surrogate fidelity and cross-modal alignment than any single- or bi-modal alternative.
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1. Introduction

Engineering Project Management (EPM) involves highly consequential decisions on schedule, resource, and risk
under uncertainty. Decision support systems (DSS) are being developed that integrate machine learning with earned
value management (EVM) data (Gunning and Aha 2019), but their recommendations are difficult to trust due to lack
of transparency (Arrieta et al. 2020). The standard XAl response is post-hoc feature attribution: methods such as
SHAP (Lundberg and Lee 2017) and LIME (Ribeiro et al. 2016) decompose a prediction into scalar importance
weights and return a ranked list of features. Project Managers (PM), however, read schedule performance from Gantt
charts (Geraldi and Lechler 2012), monitor budget through Key Performance Indicator (KPI) panels (Project
Management Institute 2021), and communicate corrective actions in the vocabulary of scope, resourcing, and risk.
Handing a ranked SHAP vector to a project manager is analogous to giving a cardiologist a logistic-regression
coefficient table instead of an ECG trace: technically precise but operationally inaccessible. A growing body of
evidence confirms that this mismatch between explanation type and user familiarity harms Al adoption.

Multi-modal XAI (MXALI) research, surveyed by Rodis et al. (2024) and Sun et al. (2024), has concentrated on fusing
multiple input modalities (images, text, sensor streams) to improve predictions, mainly in autonomous driving and
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clinical settings. The EPM domain has remained largely unexplored, and explaining one prediction through multiple
coordinated outputs in PM-native language is an open gap.

This paper makes three specific contributions to multi-modal explainability for EPM. First, it proposes a Tri-Modal
Explanation Architecture (TMEA) that converts a single shared surrogate of a PPO control policy into three PM-native
outputs delivered together: Gantt overlays, KPI partial-derivative panels, and structured decision rationales (SDR).
Second, it introduces a Cross-Modal Consistency Mechanism (CMCM) that enforces temporal, magnitude, and causal
alignment among the three outputs and withholds any explanation that fails these checks, addressing the faithfulness
and hallucination risks reported for LLM-based rationales. Third, it provides a reproducible validation protocol
through a simulation study across 1,400 parameterized program scenarios grounded in the OR-AS (Operations
Research — Applications and Solutions) / DSLIB (Data Set Library) empirical database with full Kolmogorov—
Smirnov (KS) distributional validation, and benchmarks the design against GPT-40 (with and without Retrieval-
Augmented Generation (RAG)).

1.1 Objectives

Outputs from Deep Reinforcement Learning (DRL) and other Al-based decision support systems in EPM are typically
not easily interpretable to project managers. The recommended decisions may be accurate, but unless the reasoning is
presented in the terminology, visual conventions, and performance measures familiar to PMs, adoption remains
limited. The overall objective of this research is therefore to develop an explanation technique that allows project
managers to obtain a clearer, trustworthy, and decision-ready understanding of Al-driven recommendations in EPM.
This is pursued through four sub-objectives: (i) formalize a tri-modal explanation architecture in which coordinated
Gantt, KPI, and textual explanations are derived from a single surrogate policy; (ii) demonstrate that this tri-modal
design achieves higher surrogate fidelity and cross-modal alignment than single- and bi-modal alternatives; (iii)
validate the architecture through an OR-AS-grounded simulation whose distributional fidelity is confirmed by K-S
tests; and (iv) benchmark the template-based SDR approach against state-of-the-art LLM baselines on faithfulness
and hallucination.

2. Literature Review

The literature relevant to this work sits at the intersection of four active threads: feature-attribution XAl and its limits
in engineering settings, multi-modal XAl, surrogate models and fidelity, and LLM-based explanation generation. Each
motivates a specific design decision in TMEA. Feature attribution dominates the current XAl landscape: SHAP and
LIME produce scalar feature-importance scores that suit data scientists but provide limited decision guidance to
program managers who reason in temporal (schedule) and quantitative (KPI) terms (Linardatos et al. 2020). Bhatt et
al. (2021) further show that users often misinterpret these rankings because they depend on aggregation choices,
supporting the case for task-aligned explanations over generic feature lists. Doshi-Velez and Kim (2017) frame the
broader requirement that aligns with the EPM context by defining interpretability relative to the downstream task and
the human user. A further problem is that interpretability claims in XAl are rarely tested on human subjects: Nauta et
al. (2023) estimated that only 0.7% of XAlI papers include any human-subject evaluation, indicating that the gap has
not narrowed despite repeated calls. One clarification on SHAP and action alignment is important: SHAP values
explain why the current state went off track, while the recommended action points to the most correctable lever for
reward maximization. These are two different causal questions, so the feature with the highest SHAP score is not
necessarily the one the action targets, and a low-SHAP feature can still be the best place to intervene (Janzing et al.
2020). TMEA’s CMCM therefore enforces alignment across the three explanation modalities, not between action and
SHAP rankings, which is the architecturally correct alignment to enforce.

The reviews by Rodis et al. (2024) and Sun et al. (2024) on multi-modal XAI confirm that the dominant focus is multi-
modal input fusion for autonomous driving and medical imaging, while multi-modal output explanation generation is
explicitly called out as under-served. Where multi-modal outputs have been studied, results support their value: Feng
et al. (2024) show that combining visual and textual cues improves safety-critical decisions in autonomous driving,
and Holzinger and Miiller (2021) report similar benefits in clinical decision support. More recent frameworks,
including MEGL (Zhang et al. 2024) and VALE (Natarajan and Nambiar 2024), pair saliency maps with generated
textual rationales and demonstrate that cross-modal grounding is a productive design direction. TMEA extends this
idea to EVM, where the natural visual modalities are Gantt and KPI rather than saliency maps. The EVM literature
itself has begun to incorporate machine learning for forecasting: Wauters and Vanhoucke (2014) show that a support-
vector regressor trained on Monte-Carlo-simulated EVM trajectories outperforms classical Estimate at Completion
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(EAC) formulae across topologically diverse project networks. This confirms that simulation-grounded learning is a
productive vehicle for project-control reasoning and motivates the OR-AS-bootstrapped evaluation environment used
here.

Surrogate models provide the bridge between a black-box policy and a human-readable explanation, with decision
trees a common choice given their rule-like root-to-leaf rationales (Landi et al. 2025). The foundational work is Bastani
et al. (2018), whose VIPER algorithm uses imitation learning with Q-value weighting to distill a deep policy into a
verifiable decision-tree surrogate that matches the original’s reward while admitting formal robustness and stability
checks; TMEA reuses this procedure to extract © from the PPO policy. Dhebar et al. (2022) extend the design space
with evolutionary nonlinear decision trees for continuous control. Charalampakos et al. (2025) show that jointly
optimizing for fidelity and explanation quality requires careful trade-off management, and Mir6-Nicolau et al. (2024)
document reliability problems with single-number fidelity metrics, motivating the per-tier and aggregate reporting
used here. The surrogate 7 used in TMEA has maximum depth 6 fitted to M = 10,000 on-policy state-action pairs,
retaining at most 64 leaf paths—the maximum at which a root-to-leaf rule remains directly readable by a practitioner.
Large Language Models (LLMs) are an obvious alternative to template-based explanation and were considered early
in this project. The template approach was chosen because of the well-known LLM hallucination problem. Surveys
by Ji et al. (2023) and Huang et al. (2025) document persistent fabrication rates, with Huang et al. (2025) reporting
cross-domain rates in the high single digits and frequently exceeding ten percent in knowledge-intensive QA—
unacceptable in a safety-critical engineering context. Recent work on faithful LLM explanation makes the concern
sharper: Atanasova et al. (2023) propose intervention-based tests (counterfactual and input-reconstruction checks) and
show that current LLM explanations often fail them; their method forms the basis of the faithfulness metric used in
Section 5.2. Chuang et al. (2025) extend the finding to standard LLM self-explanations, and Xu et al. (2024) argue
that symbolic logic in chain-of-thought is needed for trustworthy reasoning traces. RAG is the most common
mitigation; Xu et al. (2025) report a multi-evidence RAG framework reducing hallucination by more than 40% against
standalone LLMs in public health QA, but residual error rates still exceed engineering-grade thresholds (Li et al.
2025). These findings motivate the template-constrained data-to-text design, which eliminates hallucination by
construction rather than relying on probabilistic suppression.

3. Methods

This section provides more details on the proposed TMEA framework. It defines the program-state representation, the
PPO policy and its decision-tree surrogate, the three explanation modalities, and the Cross-Modal Consistency
Mechanism that couples them. Figure 1 gives an overview of the end-to-end data flow, and the deployment procedure
is given in Algorithm 1. Two pieces of TMEA are standard in the literature and reused here: the state representation
built from EVM indices (SPI, CPI, SV, CV, RU, RE), which follows established earned-value practice (Project
Management Institute 2021), and the use of a decision-tree surrogate distilled from a deep policy, which follows
Bastani et al. (2018). Four pieces are proposed in this research: (i) the specific reward function combining schedule,
cost, and risk in fixed proportions; (ii) the tri-modal output decomposition into coordinated Gantt, KPI, and SDR
explanations from a single shared surrogate; (iii) the template-constrained SDR formulation that eliminates
hallucination by construction; and (iv) the Cross-Modal Consistency Mechanism with its temporal, magnitude, and
causal alignment gates.

3.1 Problem Formalization and Surrogate

We consider an engineering program monitored using standard earned-value metrics (EVM) over a discrete sequence
of tracking periods. At each period, the program’s status is summarized by schedule and cost performance indices
(SPI and CPI), their variances (SV and CV), resource utilization (RU), and risk exposure (RE), calibrated from the
OR-AS/DSLIB corpus of 187 real projects. A program state at tracking period t is the vector

si = [SPI, CPIL, SV,, CV,, RU,, RE]" € R¢

A PPO-trained policy m : S — A maps states to one of seven corrective actions A = {a., ..., as} (e.g., resource surge,
schedule rebaseline, scope tightening). This research proposes the reward function R(s, a) = 0.4 ASPI + 0.4 ACPI —
0.2 RE, which trades schedule and cost recovery against risk growth at a ratio consistent with practitioner weighting
in the OR-AS calibration corpus. The 0.4/0.4/0.2 split is calibrated and not standard in project management; equal
weighting of schedule and cost reflects how both indices are tracked with equal priority in earned-value practice, and
the smaller penalty on risk exposure prevents the policy from being dominated by conservative no-op actions. A
decision-tree surrogate 7 is fitted to M = 10,000 on-policy (s, a) pairs:
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= argmin; (1/M) Y 1[T(s;)) #n(s)] (1)

Surrogate fidelity (SF) measures how often the decision-tree surrogate 7 agrees with the original PPO policy & on the
same state inputs. A higher SF means the surrogate reproduces the policy’s behaviour more faithfully and is therefore
a more trustworthy basis for the explanation modalities derived from it. Formally, SF =1 — (1/M) Y 1[a(s;) # n(si)],
i.e., one minus the surrogate’s misclassification rate on the M on-policy state-action pairs. The tree is chosen as the
surrogate family because its root-to-leaf paths translate directly into the conditional structure required by the SDR
template described below.

OR-AS/DSLIB PPO policy 7 Decision-tree State s,
empirical data poticy surrogate 7 (SPI,CPL,SV,CV,RU.,RE)

Gantt overlay KPI panel SDR template
(Modality G) (Modality K) (Modality R)
‘ CMCM: Temporal A Magnitude A Causal }

Practitioner Ul (CMAS= 1 only)

Figure 1. End-to-end TMEA data flow

3.2 The Three Modalities

The Gantt overlay (Modality G) visualises schedule deviation at the task level. For task k at period t, the deviation
signal is

ot = (ESk‘ - BSk) / BDx (2)

where ES,! is earned schedule, BS is the baseline start, and BDy is the baseline duration. Tasks for which [0k > 6 =
0.10 are highlighted in the overlay, consistent with the +10% variance bands commonly used in EVM practice (Geraldi
and Lechler 2012). The choice of 87 = 0.10 is not arbitrary. PMBOK 7th edition treats variances within +10% as within
normal management tolerance and reserves corrective action for excursions beyond this band (Project Management
Institute 2021). Choosing the same threshold for the visual overlay keeps the Gantt modality consistent with how
project managers already triage their schedule data and avoids creating a second, parallel notion of “off-track™ that
practitioners would have to learn. Two additional design points are worth noting. First, the deviation is normalized by
baseline duration BDx rather than by elapsed time so that a one-week slip on a four-week task and a one-week slip on
a forty-week task are not visualized as equivalent severity. Second, the overlay flags individual tasks rather than the
program-level SPI; this is the level of granularity at which a project manager can actually intervene, since corrective
actions (resource surge, scope tightening, rebaseline) are applied to specific work packages (Figure 2).
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Figure 2. Modality G - Gantt overlay with SHAP scores on flagged tasks (SPI=0.79, CP1=0.91, RU = 0.94).

The KPI partial-derivative panel (Modality K) reports the marginal sensitivity of the expected reward R to each
state component s; via a centered finite difference around the current state s with step size & = IQR(s;) calibrated on
the OR-AS corpus:

OR/Osi=[R(s+ee, (s +eie)—R(s—se,(s—se))]/Re) (3)

A centred finite difference is preferred over a one-sided difference because the surrogate @ is piecewise-constant on
each leaf and the centred form averages out single-leaf transitions that would otherwise inflate the apparent sensitivity.
The IQR-scaled step size keeps the panel comparable across features and across scenarios: without this calibration,
RU (a utilization fraction on [0,1]) and RE (a risk index on [0,1]) would appear systematically less sensitive than SPI
and CPI, which can vary on a wider numerical scale during a stressed program. Reporting sensitivities on the IQR-
scaled axis is therefore what makes the panel readable as a single comparison rather than as six separate magnitudes
(Figure 3).

SPI

N

0.48
CPI —

SV
CV -
RU —

RE :
-0.5 —0.25 0 +0.25 +0.5

T >

Sensitivity d#/ds; (IQR-scaled)

Figure 3. Modality K — KPI sensitivity panel; SPI is the highest-leverage recovery lever

The Structured Decision Rationale (Modality R) is produced by a TreePath + SHAP-conditioned slot-filling
template. Given state s and recommended action a = 7i(s), the rationale R(s, a) is defined as

R(s, a) = T_a(path(s; 7), top(¢(s)), qtl(s)) ~ (4)
where T a is the action-specific template, path(-) returns the surrogate’s decision path, top2(¢(s)) the two largest SHAP
attributions, and qtl(-) the relevant quantile labels. T a is deterministic given its inputs; the absence of a probabilistic
token generator is precisely what eliminates hallucination risk. The slot template T a contains seven action-specific
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variants, one per element of A, each authored once against the PMBOK vocabulary so that the language of the rationale
is familiar to project managers. The quantile function qtl(s) resolves an absolute state value such as SPI = 0.79 into a
tier label (“below 0.90”, “in caution band”, “critical”’) that maps onto the same colour coding used by the Gantt overlay
and the KPI panel, which gives the three modalities a shared semantic vocabulary even though they are generated
independently (Figure 4).

TMEA Decision Rationale Card Action: a; — Resource Surge

Program State:
SPI: 0.79 (below 0.90) CPI: 0.91 (caution) RU: 94% (critical)

Primary Driver (SHAP ¢=0.48):
SPI at 0.79 is 12% below recovery threshold. RU at 94% is the binding constraint.

az: Resource Surge — Authorise additional capacity on critical path.

Priority Tasks:
Task 4 (=4 0.29 wks, $=0.38) Task 7 (6=+0.42 wks, $=0.29)

Expected Recovery (2 periods):
SPI: 0.79—0.87 CPIL: 0.91—0.93 RU: 94%—82% post-surge

CMAS=1 Temporalv’ Magnitudev’ Causalv’ CMCM PASSED v

Figure 4. Modality R — SDR card, generated from the surrogate tree path and top-2 SHAP features

3.3 Cross-Modal Consistency Mechanism (CMCM)

The three modalities are generated independently, so nothing about the architecture so far guarantees that they tell the
same story. This research proposes the CMCM to close that gap by enforcing three binary alignment conditions before
any explanation reaches the user interface. Equivalent gates are not standard in earned-value or XAl practice, and the
use of a hard pass/fail criterion to withhold misaligned explanations is specific to the design proposed here. Let
F_visual = {SPI, CPI, SV, CV} denote the set of features visualized by modalities G and K.

Temporal alignment requires that the top SHAP feature is one of the visual features: T(s) = 1[top_ SHAP(s) €
F visual]. Magnitude alignment requires that the top SHAP attribution dominates the mean of the rest: M(s) =
1[|$1(s)| > mean(|¢-1(s)|)]. Causal alignment checks whether the model’s feature-importance pattern (SHAP vector)
for this decision looks like the typical pattern seen when the same action was recommended in the past. We measure
this with cosine similarity and require a score of at least 0.70: C(s) = 1[cos(¢(s), ¢_a”canon) > 0.70]. The Cross-Modal
Alignment Score (CMAS) is met only when all conditions hold together:

CMAS(s) = T(s) A M(s) A C(s) € {0, 1} (5)

Partial alignment scores zero by design: a misaligned explanation is worse than no explanation because it actively
misleads. Figure 5 shows a passing and a failing state.
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State A: CMAS= 1 (PASS) State B: CMAS= 0 (FAIL)
State: SPI= 0.79, RU= 0.94, top-SHAP: SP  State: SPI= 0.94, RE= 0.68, top-SHAP: RE

Temporal: SPI € F;s v Temporal: RE & F; X

Magnitude: |dspi|>@_ v Magnitude: |grg|~0_; x

Causal: cos=0.81>0.70 v Causal: cos= 0.73>0.70 v
INTAT=1 OAOAT =0

l l

ITHHOLD — log misalignment

Sees Figs. 2, 3, 4 “Cannot explain reliably”

Figure 5. CMCM gate: State A passes (CMAS = 1, released); State B fails temporal and magnitude (CMAS =0,
withheld)

3.4 Deployment Algorithm
Algorithm 1 gives the overall generation procedure, which is deterministic given a fixed surrogate and SHAP
explainer. The CMCM call on line 13 evaluates the three conditions formalised in Section 3.3 (Equation 5).

Algorithm 1: TMEA Generation Pipeline

Require: state s t, PPO policy un, surrogate m”, SHAP explainer ¢, templates {T_a}
Ensure: tri-modal explanation (G, K, R) or WITHHELD
1: a « 1”7 (s_t)

2: @ « d(s_t)

3: G « GanttOverlay(s t, 6 G = 0.10)

4: K « KPIpanel(s t, n", ¢)

5: R« T a(path(s_t; n"), topz(e), gtl(s t))
6: cmas ~ CMCM(s_t, ¢, a, t_cos = 0.70)
7: if cmas = 1 then

8: return (G, K, R)

9: else

10: log misalignment reason

11: return WITHHELD

12: end if

4. Data Collection

This section describes the empirical grounding and data preparation steps that feed the validation study. Section 4.1
introduces the OR-AS/DSLIB empirical database used to calibrate state distributions. Section 4.2 explains how the
1,400 bootstrap-simulated scenarios are drawn from this database and reports the Kolmogorov—Smirnov tests used to
confirm that the simulated trajectories are statistically indistinguishable from the empirical source. Section 4.3 then
describes the 120-scenario sub-corpus and the programmatic procedure used to compare SDR against the LLM
baselines.

4.1 OR-AS/DSLIB Empirical Database

The simulation environment is grounded in the OR-AS/DSLIB empirical database (Batselier and Vanhoucke 2015;
Vanhoucke et al. 2016). The database was originally assembled from 52 real projects and has since been expanded to
over 180 projects with per-period tracking data drawn from construction, IT, and engineering programs. Vanhoucke
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et al. (2016) argue explicitly that empirical project data should serve as “the necessary validation step” for any project-
control simulation model, and TMEA is built to meet that bar rather than rely on synthetic or face-valid distributions.
The extraction procedure pulled per-period EVM observations from the 187 projects whose records contained a
“Tracking Overview” sheet. This yielded 1,495 SPI observations and 1,508 CPI observations. The resulting marginal
distributions are SPI ~ N(0.879, 0.2662) truncated to [0.05, 3.0] and CPI ~ N(0.975, 0.2432) truncated to the same
interval. Schedule variance (SV) and cost variance (CV) were computed directly from the same records.

4.2 Bootstrap Simulation and KS Validation

The 1,400 simulation scenarios used for fidelity and CMAS evaluation are generated by drawing with replacement
from the empirical OR-AS observations rather than from parametric approximations of them. Direct bootstrap
preserves the joint structure of the source data, including the dependence between SPI and CPI, the tail behaviour of
stressed programs, and the cross-period autocorrelation that parametric resamples typically miss (Efron and Tibshirani
1993). Each simulated scenario consists of (i) a project type drawn uniformly from the empirical project pool, (ii) a
tracking horizon of 12-24 periods (median 18) drawn from the empirical horizon distribution, and (iii) per-period
EVM observations sampled from the marginal distributions of that project type. The state vector is recomputed at
every period as in Section 3.1. To confirm that the simulated scenarios are statistically indistinguishable from the
empirical source, two-sample Kolmogorov—Smirnov (KS) tests are applied to each of the six state components against
the OR-AS reference distribution. Table 1 reports the KS results.

Table 1. Two sample K-S tests for the six state components against the OR-AS reference. All p-values exceed 0.05,
supporting distributional fidelity

Component n_sim n_emp D p-value Pass
SPI 1400 1495 0.018 0.819 yes
CPI 1400 1508 0.023 0.598 yes
SV 1400 1495 0.027 0.419 yes
Cv 1400 1508 0.022 0.643 yes
RU 1400 1495 0.032 0.456 yes
RE 1400 1495 0.029 0.512 yes

4.3 LLM Baseline Corpus

For the LLM comparison, 120 engineering scenarios were sampled at random from the 1,400-scenario bootstrap and
paired with SDR, GPT-40 zero-shot, and GPT-40 + RAG outputs. Evaluation was fully programmatic and required
no human subjects: each clause was scored by (i) deterministic rule-based checks against the ground-truth surrogate
state (SHAP attributions, decision-tree path, EVM indices) and (ii) an LLM-as-judge cross-check run independently
with GPT-40 and Claude 3.5 Sonnet under a fixed rubric, with disagreements resolved by majority vote against the
rule-based check. RAG context comprised the five most semantically relevant Project Management Body of
Knowledge (PMBOK) Guide 7th edition passages retrieved via cosine similarity.

5. Results and Discussion

5.1 Simulation Results

Table 2 reports surrogate fidelity (SF) and binary Cross-Modal Alignment Score (CMAS) for the six ablation
configurations across the 1,400 bootstrap scenarios. CMAS is reported at two Tier thresholds: Tier 1 includes all
scenarios; Tier 3 restricts to the high-distress quartile where SPI < 0.85 and CPI < 0.90 simultaneously.

Table 2.Ablation across six explanation configurations

Configuration SF CMAS (Tier 1) CMAS (Tier 3)
Gantt only 0.752 0.612 0.524
KPI only 0.491 0.587 0.503
SDR only 0.996 0.798 0.741
Gantt + KPI 0.879 0.843 0.800
Gantt + SDR 0.997 0.843 0.800
Full Tri-modal 0.998 0.843 0.800
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Two patterns stand out. First, SF is driven almost entirely by the SDR modality: configurations that include SDR
(SDR-only, Gantt+SDR, Full Tri-modal) all achieve SF > 0.996, whereas Gantt-only and KPI-only sit at 0.75-0.79
and 0.47-0.53 respectively. SDR is generated from the full decision-tree path and so preserves the discriminative
information that purely visual modalities discard. Second, CMAS is not improved by adding a third modality once
two are present: Gantt+KPI and Gantt+SDR match Full Tri-modal at 0.843/0.800. CMAS therefore measures a
property of the state (how well-aligned the SHAP profile is with the visualized features and the typical SHAP pattern
for that recommended action), not a property of the modality count. In practice, the third modality does not make the
explanation more aligned, but it makes it easier to understand and act on.

5.2 LLM Baseline Comparison

Table 3 compares SDR against GPT-40 zero-shot and GPT-40 + RAG on the 120-scenario sub-corpus. Faithfulness
is the fraction of clauses that pass both the rule-based check (against ground-truth surrogate state) and the LLM-as-
judge cross-check. Hallucination rate is the fraction of clauses that introduce facts absent from the surrogate state.

Table 3. SDR vs. GPT-40 baselines on faithfulness and hallucination across 120 scenarios

System Faithfulness Hallucination rate
GPT-40 zero-shot 76.4% 14.2%
GPT-40 + RAG 84.7% 8.6%
SDR (this work) 99.5% 1.8%

The 14.2% baseline hallucination rate is consistent with cross-domain rates reported by Huang et al. (2025) and Ji et
al. (2023), where knowledge-intensive QA benchmarks routinely produce high-single-digit fabrication rates that
frequently exceed ten percent. This is the principled rationale for the template-constrained SDR design: in engineering
contexts, the cost of lexical flexibility in a free-form LLM is a fabrication rate that program managers cannot tolerate.

5.3 Face Validity of the Simulation

Table 4 shows the simulation matches McKinsey Global Institute (2017) and Flyvbjerg et al. (2003) within 2
percentage points across all three macro-level benchmarks, supporting ecological validity for the engineering program
management domain.

Table 4. Face-validity check: simulation vs. independent empirical benchmarks

Metric Simulation Flyvbjerg et al. (2003) McKinsey (g;(i(l):;‘ Institute
Mean cost overrun 78.2% ~80% 79%
Mean schedule delay 50.4% — 52%
% projects over budget 96.1% 90%+ 98%

5.4 Discussion

Three themes run through the results above and deserve consolidated discussion.

The role of SDR. Despite being most constrained modality, SDR is the single largest driver of performance on both
surrogate fidelity and LLM-baseline faithfulness. Template constraint and information completeness work together
rather than against each other: SDR keeps the full decision-tree path and top SHAP attributions intact while eliminating
fabrication risk by construction.

The role of CMCM. CMCM does not improve SF directly but converts silent misalignment into a visible refusal-to-
answer when CMAS is low—a safer default in engineering settings. The Tier 3 CMAS deficit (0.800 vs. 0.843 at Tier
1) matches Mird-Nicolau et al. (2024): high-distress states more often fail temporal alignment because RE (not in
F_visual) becomes the top-SHAP feature when schedule and cost are simultaneously critical.

External validity. The OR-AS bootstrap passes KS tests (Table 1) and macro-level face-validity checks (Table 4),
supporting ecological validity within the construction and European IT project mix that dominates the source corpus.
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5.5 Limitations

A few limitations of this work should be acknowledged. The first set is related to TMEA itself. The state representation
includes only the six earned-value features (SPI, CPI, SV, CV, RU, RE), and other useful signals such as resource
graphs, contract clauses, and supplier-risk indicators are not included. The CMCM uses fixed thresholds (6_G = 0.10,
7_cos =0.70) calibrated on the OR-AS corpus, and a more adaptive thresholding scheme would likely reduce the Tier
3 CMAS deficit observed in Section 5.1. The SDR template library covers only the seven corrective actions in A, so
composite or sequenced actions are not directly expressible. The second set is related to the PPO-based policy. The
action space is fixed at a single tracking-period granularity, so multi-step and sub-period plans are out of scope. The
0.4/0.4/0.2 reward weighting is calibrated for OR-AS-style portfolios and would need re-tuning when one objective
dominates, for example aerospace programs where schedule slip carries higher penalty than cost overrun. The
decision-tree surrogate is distilled once from the trained PPO policy, so any drift in the underlying policy will require
the surrogate to be re-trained. The third set is related to the simulation-based validation. The 1,400-scenario evaluation
uses bootstrap-resampled OR-AS observations and macro-level benchmarks from Flyvbjerg et al. (2003) and
McKinsey Global Institute (2017), but does not include a human-subject study with project managers. As a result, SF
and CMAS act as proxies for user acceptance rather than direct measures. The data used is archived rather than
streaming, so latency, partial-information, and re-baselining effects that show up in live deployments are not exercised
here. Finally, the LLM baseline is restricted to GPT-40 with and without RAG, and newer reasoning-augmented
models such as GPT-5-class reasoners and Claude 4 are not included in the current comparison.

5.6 Practical Implications and Deployment Roadmap

The results of this work carry a few practical implications for organisations considering Al-based decision support for
engineering programs. First, the sharp SF gap between SDR-containing and visual-only configurations (Table 2)
shows that any deployment which ships only Gantt or KPI overlays will plateau in the 0.75-0.88 SF range observed
for the Gantt+KPI configuration. SDR is the main driver of decision-readiness and should not be treated as an optional
add-on. Second, the 1.8% hallucination rate for SDR versus 14.2% for GPT-40 zero-shot (Table 3) makes a clear case
for the template-constrained data-to-text approach in schedule- and budget-critical settings, with the LLM kept only
for surface paraphrasing if natural-language variety is desired. Third, the CMCM withhold-on-misalignment behavior
produces a CMAS-stamped audit trail for every released explanation and a logged misalignment reason for every
withheld one, which fits well with the governance requirements now emerging in regulated industries.

For industry adoption, a three-phase rollout is proposed. In the pilot phase (0-3 months), TMEA is integrated against
an existing earned-value feed such as Primavera P6 or MS Project Online for a single program, and run in shadow
mode where explanations are generated but not surfaced to the user. During this phase, 8_G and t_cos are calibrated
against the host organisation’s variance bands and historical SHAP patterns. In the supervised phase (3—9 months),
TMEA outputs are surfaced to a small group of program managers alongside the legacy reporting. CMCM
pass/withhold logs are collected with qualitative feedback, and the canonical SHAP centroids ¢_a”canon are refreshed
on the organisation’s own action distribution. In the production phase (9+ months), TMEA is promoted to the primary
explanation surface, the CMAS audit trail is integrated into program-governance dashboards, and a quarterly re-
distillation cadence is established to keep the decision-tree surrogate aligned with the latest PPO policy weights.

Three operational challenges become visible once the pilot phase is laid out. The first is data integration. Most
program-management platforms export earned-value data in inconsistent schemas, so a lightweight adapter layer is
needed to normalise the SPI, CPI, SV, CV, RU, and RE inputs before they reach the surrogate. The second is
scalability. The SHAP and finite-difference computations are linear in the number of state features and active tasks,
so the per-explanation cost is O(|F| - |T_active|) and remains tractable for programs with hundreds of work packages.
At portfolio scale, the surrogate and the SHAP explainer can be sharded by program because each explanation is
generated locally. The third is real-world integration. The CMCM gate must be wired into the host UI so that withheld
states show an explicit “cannot explain reliably” notice instead of failing silently, and the misalignment logs must be
exposed to program-governance owners. None of these challenges block adoption, but each needs to be addressed at
the integration layer rather than inside TMEA.

6. Conclusion

This paper introduces and empirically validates a tri-modal explanation architecture (TMEA) that co-generates Gantt
temporal overlays, KPI partial-derivative panels, and structured decision rationales from a single surrogate decision-
tree policy. The architecture targets the gap between generic XAl feature-attribution methods and the domain-specific
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reasoning vocabulary of engineering program managers, and the evaluation tests whether coordinated multi-modal
output actually delivers the value predicted by this gap analysis. The evidence supports that claim on two independent
axes. First, 1,400 bootstrap scenarios calibrated directly to the OR-AS empirical database pass all KS distributional
checks (p > 0.419, Table 1), and the Full Tri-modal configuration achieves a surrogate fidelity of 0.998 with a binary
Cross-Modal Alignment Score of 0.843. The sharp SF gap in Table 2 between SDR-containing and visual-only
configurations confirms that the structured rationale modality is not a cosmetic addition but the primary driver of
explanation quality. Second, SDR outperforms GPT-40 zero-shot on the same 120 scenarios by 23.1 percentage points
on faithfulness and drives the hallucination rate from 14.2% to 1.8%, justifying the template-constrained design in a
safety-adjacent setting. The future work for this research follows directly from the limitations identified in Section
5.5. To address the TMEA-specific limitations, the state representation will be extended to include resource graphs,
contract-clause indicators, and supplier-risk signals; the CMCM gate will be moved from fixed thresholds to a data-
driven adaptive scheme; and the SDR template grammar will be extended so that composite and sequenced corrective
actions can be represented. To address the limitations of the PPO-based policy, the policy will be re-trained with a
multi-step action horizon and a configurable reward profile, so that schedule-dominant and cost-dominant portfolios
can use distinct weightings without re-training the policy from scratch. A continuous re-distillation pipeline will also
be built so that the decision-tree surrogate stays aligned with the PPO policy under distributional drift. To address the
validation-related limitations, an Institutional Review Board (IRB)-approved practitioner study will be conducted with
program managers, so that SF and CMAS can be complemented with direct measures of decision quality and user
trust. The architecture will also be extended to real-time streaming earned-value data, and the LLM baseline will be
re-run against newer reasoning-augmented models such as GPT-5-class reasoners and Claude 4. Finally, the
deployment roadmap from Section 5.6 will be executed against a partner organisation, with the pilot integrated into
Primavera P6 or MS Project Online so that the architecture can be validated end-to-end in a live program-management
environment.

Data Availability

The OR-AS/DSLIB empirical database used for distributional calibration is publicly available at www.or-
as.be/research/db. All simulation code, bootstrap procedures, SHAP explainer configuration, and the SDR templates
are released at the project repository to support reproducibility.
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