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Abstract: Monotonic constraints are attractive for supplier-risk models because they can force predictions to respect domain
knowledge, but a wrong expert sign is then enforced everywhere. This paper studies that overlooked failure mode and proposes
empirically vetted monotonic XGBoost (EV-Mono), in which domain experts still supply candidate directions while training
data are allowed only to veto, never reverse, a candidate constraint. A training-only bootstrap partial-dependence gate is
combined with exact TreeSHAP, a prior-misspecification stress test (PMST), and a new Explanation Intervention Consistency
(XIC) metric that checks whetherrisk-reducing feature interventions move the corresponding attribution in the expected direction.
Controlled experiments use 12,000 fully synthetic supplier records with 18 known monotone risk drivers, six null variables,
nonlinear main effects and sign-preserving interactions; an adverse covariate-shift test contains 3,000 additional records. With
correct priors, EV-Mono attains AUC 0.947, zero monotonicity violations, XIC 1.000, and places all 18 informative features in
the top 18 TreeSHAP ranking. Under 40% deliberately corrupted priors, hard monotonic XGBoost falls to AUC 0.932,
explanation-coherence rate 0.611 and monotonicity-violation rate 0.343; EV-Mono rejects all seven wrong signs and retains
AUC 0.946, coherence 1.000 and violation rate 0.091. The study shows that domain constraints should be auditable inputs rather
than unquestioned rules.
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misspecification, trustworthy machine learning.

with exactly the same certainty as a correct one. In real

1. Introduction organizations, priors may be elicited from different functions,

Supplier  qualification increasingly depends on change with contract context, or encode proxies whose
heterogeneous evidence: financial ratios, delivery history, semantics are not as clean as an accounting identity.
capacity signals, cyber-security indicators, single-source This paper shifts the research question from “Do
exposure and geopolitical concentration. The resulting monotonic constraints improve explanation coherence?” to
decision is asymmetric. A false negative can propagate into “What happens when some of the domain constraints are
missed deliveries, production interruption or infrastructure wrong, and can the system detect that before deployment?”
downtime, while a false positive can unnecessarily reduce The proposed EV-Mono architecture preserves expert
competition. Supply-chain risk research therefore emphasizes ownership of direction: data are not allowed to invent or flip
both anticipatory assessment and the integration of multiple a monotonic sign. Instead, a training-only bootstrap
risk channels [2-5], and tree ensembles are a natural fit for the diagnostic can veto a candidate sign whose observed partial -
nonlinear interactions present in tabular procurement data [6- dependence direction is repeatedly inconsistent with the
8]. stated prior. This asymmetric design is intended for

The difficulty isnot only predictive. A procurement analyst govemance settings where empirical evidence may challenge
must be able to defend why a supplier was escalated and ~ domain knowledge but should not silently overwrite it.
whether a proposed mitigation would move risk in the The contributions are fourfold. First, we introduce an
expected direction. SHAP has become a standard attribution empirically vetted monotonic XGBoost procedure that
method for tree ensembles because it decomposes a prediction screens candidate sign constraints through bootstrap partial -
into feature contributions [9], [10]. However, post-hoc dependence agreement. Second, we propose PMST, a nested
explanations inherit the behavior of the fitted model. If the stress protocol that deliberately corrupts 0-40% of otherwise
learner has discovered a locally perverse relation—for valid priors and compares hard enforcement with vetted
example, larger debt appearing to reduce failure risk—the enforcement under paired random seeds. Third, we introduce
explanation can faithfully describe a model that is XIC, an explanation test based on risk-reducing feature
directionally implausible. interventions rather than global ranking alone. Fourth, we

Monotonic constraints offer a direct remedy by restricting release a fully specified synthetic supplierbenchmark and all
the hypothesis class so that designated features can move the code, allowing every reported number to be regenerated and
prediction in only one direction [11], [12]. Recent supplier- the ground truth of both informative and null features to be
risk work has shown the practical value of coupling checked directly. The central result is not an accuracy win on
monotonic XGBoost with TreeSHAP and explanation-quality clean data; itis graceful degradation when domain knowledge
audits, providing a strong foundation for auditable is imperfect.

procurement screening [1]. Yet the constraint itself creates a
second-order risk: the model treats an incorrect sign prior
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2. Related Work
2.1. Supplier and Financial Risk Prediction

Supplier-risk  analytics spans expert assessment,
conventional statistical models and increasingly machine-
learning systems. Reviews emphasize that supply-chain risk
is multi-dimensional and that risk identification must connect
operational evidence to managerial decisions [2], [3].
Baryannis et al. explicitly study the performance—
interpretability trade-off for supply-chainrisk prediction [4],
while Brintrup et al. demonstrate the value of data-driven
supplier-disruption modeling in complex asset manufacturing
[5]. Text-derived early-warning signals provide another
complementary channel [28], and supplier-development
research shows why the buyer—supplierrelationship itselfcan
affect performance outcomes [30-36].

Financial distress is a direct supplier-risk mechanism.
Classical work established ratio-based bankruptcy prediction
[20], [21], and later machine-learning studies report material
gains from nonlinear models [22], [23]. The Taiwanese
bankruptcy corpus distributed through UCI contains 6,819
instances and 95 variables [24], and subsequent work has
examined class imbalance on that dataset [29]. These
resources are valuable predictive benchmarks, but they do not
reveal an objective ground truth for whether a particular
expert monotonic prior is correct in every modeled context.
Because the present question is prior misspecification itself,
the main experiment requires a controlled data-generating
process in which the sign of each driver is known by
construction.

2.2. Explainability, Monotonicity and
Reliability

TreeSHAP provides exact Shapley-value attribution for
tree ensembles and supports both local explanations and
aggregate importance analysis [9], [10]. LIME [26] is another
influential local surrogate approach. At the same time, high-
stakes explainability research cautions that a plausible
explanation is not automatically a faithful or safe one [15],
[16]; explanation methods can be attacked [13], and feature
dependence can alter Shapley-based interpretations [14].
These findings motivate evaluation ofexplanations as objects
with measurable reliability rather than decorative plots.

Monotonic  classification incorporates  directional
knowledge into model construction [11]. Applications in
credit risk demonstrate the appeal of constraining a learner
when institutional knowledge provides a defensible ordering
[12]. XGBoost [6], built on gradient-boosted trees [7], is
especially practical because monotonic constraints are
supported directly while preserving nonlinear interactions.
Yet standard evaluations usually assume that the supplied
directions are correct. That assumption is precisely what
PMST relaxes.

Two additional evaluation issues matter here. First, class
imbalance makes PR-AUC informative alongside ROC-AUC
[17]. Second, probability quality matters when risk scores are
converted into interventions; calibration can differ
substantially across algorithms [27]. We therefore report Brier
score and expected calibration error in addition to
discrimination. Finally, all screening diagnostics are fit on the
training fold only, reflecting the broader requirement to
prevent information leakage into model development [19].
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3. Problem Formulation and Method

3.1. Supplier-Risk Model with Candidate Sign
Priors

Letx_iin[0, 1]"p denote normalized pre-decision supplier
indicatorsand y iin {0,1} denote a future disruption event.
The wunconstrained boosted model estimates p i =
P(y_i=1|x_i). For a subset D of features, a domain specialist
suppliesd jin {-1, +1}. A positive sign means increasing X _j
should not reduce predicted risk; a negative sign means
increasing X _j should not increase predicted risk. Hard
monotonic XGBoost enforces each supplied d_j during tree
construction. This is auditable when d_j is correct, but an
erroneous d_j becomes a global structural error rather than a
local estimation error.

We assume that expert knowledge is authoritative as a
proposal but not infallible as a constraint. Consequently,
empirical evidence isused only to accept or reject a candidate
direction. It is never used to change+1 into -1 or vice versa.
Rejected features are left unconstrained and can be returned
to the expert panel for review.

3.2. Empirically Vetted Monotonic XGBoost
(EV-Mono)

For each candidate feature j, EV-Mono fits B unconstrained
XGBoost models on bootstrap resamples of the training fold.
For each refit, a partial-dependence profile is evaluated at G
quantiles. Let Delta_{jbg} be the change in mean predicted
risk between adjacent grid points for bootstrap b. The prior-
consistency score is

A j=(1/N]j) sum {b,g} I[d j * Delta {jbg} > 0]

Where N_j counts non-negligible adjacent changes. The
candidate constraint is retained if A_j >= tau. In the reported
experiment, B=3, G=7 and tau=0.72. These values were fixed
before inspecting test performance. A score below tau is a
veto, not evidence for the opposite sign. All vetting uses the
training set; the validation set is reserved for the classification
threshold and the test set is untouched until final evaluation.

This procedure separates three governance roles. Domain
specialists define the semantic direction. Bootstrap evidence
measures whether the available training distribution
repeatedly supports that direction. XGBoost then enforces
only the vetted subset. The design therefore prevents the most
problematic form of automated “knowledge correction,” in
which a noisy dataset silently becomes the source of policy.

3.3. Prior Misspecification Stress Test (PMST)

PMST measures robustness to incorrect domain knowledge
directly. Starting from the known true sign map, a fixed
random ordering of the 18 informative features is generated.
The first k signs are inverted to create nested corruption levels
0f 0%, 10%,20%, 30% and 40% (0, 2, 4, 5 and 7 wrong signs
after rounding). At each level, hard monotonic XGBoost
enforces all candidate signs, while EV-Mono first applies the
training-only veto gate. Competing models use the same
train/validation/test split and, within a corruption level, the
same XGBoost random seed, so the comparison isolates the
constraint set rather than stochastic training variation.

3.4. Explanation Audits

Three explanation metrics are used. Explanation
Coherence Rate (ECR) computes the Spearman correlation



between each feature and its held-out TreeSHAP attribution;
a feature is coherent when the correlation has the true sign and
absolute magnitude at least 0.05. Monotonicity Violation Rate
(MVR) directly audits the prediction rule by evaluating nine-
point partial-dependence curves and measuring the fraction of
non-negligible adjacent steps that move against the true sign.
ECR tests attribution direction; MVR tests the learned
function [36-38].

XIC is designed to be more local. For each held-out
supplier and constrained feature, we apply a small risk-
reducing intervention of 0.08 on the normalized scale: an
adverse feature is decreased and a protective feature is
increased, with clipping to [0, 1]. We then recompute exact
TreeSHAP and check whether the intervened feature’s
attribution to raw log-odds fails to increase. XIC is the
fraction of valid interventions satisfying that inequality. XIC
does not claim causal effect; it tests internal consistency
between the displayed attribution and the model’s own
prescribed risk direction.

4. Experimental Design

4.1. Controlled Supplier Benchmark

The reported benchmark is fully synthetic and containsno
real supplier,company or procurement record. This choiceis
methodological rather than cosmetic: evaluating false domain
priors requires knowing which priors are false [39]. We
generate 12,000 observations with 24 normalized features.
Eighteen features are informative and assigned known
monotone signs; six are independent null variables. Five
correlated latent blocks represent financial, operational,
structural/geopolitical, security and commercial conditions.
Each observed feature is a noisy sigmoid transformation of’its
block, creating realistic correlation without making variables
deterministic.

Table I. Controlled feature blocks and true directions

Block Variables and risk direction
Financial (7) 5 protective (-); 2 adverse (+)
Operat. (5) 3 protective (-); 2 adverse (+)

Structural (2) 2 adverse (+)

Security (3) 2 protective (-); 1 adverse (+)
Comm. (1) 1 adverse (+)
Null (6) 6 no-effect variables

The latent log-odds combines nonlinear but monotone
main effects whose absolute coefficients range from 0.45 to
1.20 with four sign-preserving interactions: single-source
exposure x geopolitical exposure, lead-time variability x low
capacity headroom, debt-to-assets x buyer-revenue
dependence, and cyber incidents x low security assurance.
Gaussian noise with standard deviation 0.25 is added before
Bernoulli sampling. The intercept is calibrated to a 15% target
event rate; the realized full-sample rate is 15.1%.

Data are split 60/20/20 intotraining, validation and test sets:

7,200/2,400/2,400 observations. A separate 3,000 -record shift
set increases latent financial, operational and geopolitical
stress; itsrealized eventrate is27.1%. The shift setis notused
for training or threshold selection. The complete generated
datasets accompany the code, so the reported experiment can
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be checked at record level.

4.2. Models, Metrics and Reproducibility

We compare class-weighted logistic regression, random
forest [25], unconstrained XGBoost, hard monotonic
XGBoost, and EV-Mono. XGBoost uses 420 trees, depth 4,
learning rate 0.035, subsampling 0.85 and column sampling
0.86; positive gradients are scaled by the training class ratio.
The same configuration is used for unconstrained, hard-
monotonic and vetted-monotonic models to isolate the role of
constraints. Exact TreeSHAP values are obtained through
XGBoost contribution prediction. The classification
threshold maximizes F1 on the validation fold only.

Predictive metrics are ROC-AUC, PR-AUC, Brier score,
10-bin expected calibration error (ECE), F1 and Matthews
correlation coefficient. For the central AUC comparisons we
additionally report 2,000-resample paired bootstrap intervals
on the fixed test set. Explanation metrics are ECR, MVR, XIC
and precision at 18 (P@18) against the known informative-
feature set. Finally, we perform four paired bootstrap refits for
a descriptive Jaccard stability audit of the top-5 and top-10
SHAP feature sets. The random seed is 42 throughout. No test
result is used to tune the vetting threshold or model
hyperparameters.

5. Results
5.1. Clean-Prior Prediction and Covariate
Shift
Table I1. Test Performance with Correct Domain Priors
Model AUC PR | Brier | ECE | S-AUC
Logistic
regression 0.948 (0.810| 0.094 |0.133 | 0.935
Random forest 0.940(0.784 | 0.066 |0.048 | 0.926
XGBoost 0.94410.796 | 0.076 |0.077 | 0.933
Hard-Mono 0.947 (0.807 | 0.082 [0.098 | 0.934
EV-Mono 0.947 (0.807 | 0.082 [0.098 | 0.934

Table II gives a deliberately non-triumphal result. Logistic
regression is marginally best in clean discrimination (AUC
0.948, PR-AUC 0.810), while random forest has the best
Brier score (0.066) and ECE (0.048). EV-Mono reaches AUC
0.947 and PR-AUC 0.807. Thus the proposed method is not
justified by claiming universal predictive superiority. Its value
is that the accuracy is competitive while the model obeys
explicit knowledge constraints and can reject bad ones.

Compared with unconstrained XGBoost, clean EV-Mono
improves AUC from 0.9441 to 0.9465. The paired bootstrap
difference is 0.00247 with a 95% interval of [0.00053,
0.00461]. Under the adverse shift, EV-Mono AUC decreases
to 0.9339; logistic regression is 0.9353. The shift experiment
therefore shows reasonable ranking persistence, not immunity
to distribution change. Calibration also worsens for every
model under shift, which is important if procurement actions
depend on absolute probabilities rather than ranking.



5.2. Explanation Reliability with Correct
Priors

Table II1. Explanation audit on the clean test set

Model ECR | MVR | XIC | P@18 | Nulls

XGBoost 1.000 | 0.125 | 0.831 | 1.000 0
Hard-Mono 1.000 | 0.000 | 1.000 | 1.000 0

EV-Mono 1.000 | 0.000 | 1.000 | 1.000 0

All three tree models recover the correct global attribution
direction forthe 18 known drivers (ECR 1.000),so ECR alone
is not discriminating in this deliberately monotone data-
generating process. MVR and XIC reveal the difference.
Unconstrained XGBoost violates the true monotonic
direction on 12.5% of audited partial-dependence steps and
achieves XIC 0.831. Hard-Mono and EV-Mono reduce MVR
to zero and XIC to a perfect 1.000. All methods place the 18
informative features in the top 18, with no null feature
promoted into that set.
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geopolitical_exposure
capacity_headroom_score
lead_time_variability_score
single_source_exposure
buyer_revenue_dependence
cyber_incident_score
on_time_delivery_score
security_assurance_score
defect_rate_score
return_on_assets_score

interest_burden_score
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Mean |TreeSHAP| (raw log-odds)
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Figure 1. Top 12 global TreeSHAP drivers for EV-Mono on the

clean test set.

The leading SHAP features include debt-to-assets,
geopolitical exposure, capacity headroom, lead-time
variability and single-source exposure. Because the data-
generating process includes nonlinear interactions, this
ranking need not reproduce the order of the main-effect
coefficients; it is an attribution ranking for the fitted model,
notan estimator of structural coefficients. The more important
ground-truth check is that every informative variable
precedes every null variable.
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5.3. Robustness to Wrong Domain Priors
Table IV. Prior-misspecification stress test

Corrupt, Model AUC | PR | ECR | MVR | Wrong
0% |Hard-Mono|0.947 | 0.807 |1.000 | 0.000 0/18
0% EV-Mono |0.947|0.807|1.000 | 0.000 0/18
10% |Hard-Mono|0.944|0.798|0.889 | 0.094 | 2/18
10% EV-Mono |0.946|0.802 | 1.000 | 0.043 0/16
20% |Hard-Mono|0.943(0.795|0.778 | 0.190 | 4/18
20% EV-Mono |0.946|0.802 |1.000 | 0.063 0/14
30% |Hard-Mono|0.938|0.779|0.722 | 0.235 5/18
30% | EV-Mono |0.9440.799|1.000 | 0.070 | 0/13
40% |Hard-Mono|0.932|0.753|0.611 | 0.343 7/18
40% | EV-Mono [0.946|0.801|1.000|0.091| 0/11

Table IV is the central experiment. Hard enforcement
degrades almost monotonically asthe prior map is corrupted.
At 40% corruption, seven incorrect directions remain
embedded in the model: AUC falls from 0.9465 to 0.9323,
PR-AUC from 0.8074 to 0.7530, ECR from 1.000 to 0.611,
and MVR rises from 0 to 0.343. The problemis therefore not
merely a small accuracy penalty; the explanations
systematically communicate the wrong domain direction for
a substantial subset of features.

EV-Mono removes every deliberately flipped constraint at
every tested corruption level while retaining all unflipped
constraints. At 40% corruption it enforces 11 correct signs and
zero wrong signs, producing AUC 0.9457, PR-AUC 0.8010,
ECR 1.000 and MVR 0.091. Relative to hard enforcement,
the paired AUC advantage is 0.01340 with a 95% bootstrap
interval 0f[0.00781,0.01904]. The residual M VR is expected
because seven rejected variables are left unconstrained rather
than forcibly corrected. This is an intentional governance
trade-off: uncertainty becomes model flexibility instead of
confidently encoded misinformation.
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Figure 2. AUC under nested corruption of candidate monotonic
priors. Paired seeds are used within each corruption level.
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Figure 3. Training-only vetting scores at 30% corruption. An
asterisk marks a deliberately flipped prior; the dashed line is tau =
0.72.

Figure 3 makes the diagnostic mechanism visible. At 30%
corruption, the five flipped priors receive consistency scores
from 0.000 to 0.222 and are vetoed, while the 13 correct priors
score at least 0.722 and are retained. The gate therefore
separates incorrect from correct signs in this controlled setting
without consulting test labels and without inventing
alternative signs. This clean separation should not be
presumed in real procurement data; rather, it demonstrates the
intended behavior when the training distribution contains
sufficient directional evidence.

5.4. Sensitivity to the Vetting Threshold
Table V. Threshold sensitivity at 40% prior corruption

tau Enf. Wrong AUC PR MVR
0.60 11 0 0.946 0.801 0.091
0.65 11 0 0.946 0.801 0.091
0.72 11 0 0.946 0.801 0.091
0.80 10 0 0.946 0.799 0.105
0.90 7 0 0.945 0.795 0.112

The separation isnot an artifact of a single threshold. At 40%
corruption, tau values from 0.60 through 0.72 retain the same
11 correct constraints and reject all seven wrong ones. Raising
tau to 0.80 leaves 10 constraints and changes AUC only from
0.9457 to 0.9455; tau=0.90 becomes noticeably more
conservative, retaining seven constraints with AUC 0.9445
and MVR 0.112. Thus the principal robustness result holds
over a useful threshold interval, while excessively aggressive
vetoing gradually gives up some monotonic coverage.

This sensitivity analysis also clarifies how tau should be
governed in practice. A lower threshold risks admitting
disputed directions when evidence is noisy, whereas a high
threshold can remove valid protections and increase local
violations because more features revert to the unconstrained
learner. The appropriate value is therefore a policy parameter
that should be documented and stress-tested rather than
selected solely for test-set accuracy.
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5.5. Refit Stability
Table VI. Descriptive tree-shap refit stability (b = 4)

Model J@5 | sb | J@lo | sD
XGBoost 0.587 | 0.123 | 0.798 | 0.124
Hard-Mono 0.508 | 0.123 | 0.798 | 0.124
EV-Mono 0.508 | 0.123 | 0.798 | 0.124

The stability audit is intentionally treated as descriptive
because only four paired bootstrap refits are used.
Unconstrained XGBoost has Jaccard@5 0.587 versus 0.508
for both hard monotonic and EV-Mono models; all three have
Jaccard@10 0.798. Since all clean candidate priors pass
vetting, hard monotonic and EV-Mono are the same
hypothesis class and consequently have the same paired
stability result. This finding prevents an unwarranted claim
that monotonicity automatically stabilizes feature rankings.
Constraint correctness and explanation stability are separate
properties.

6. Discussion
6.1. What the Results Change

The main implication is procedural: a monotonic prior
should be treated as a governed model input, not a theorem.
Hard constraints are most compelling exactly when the model
will be audited, but that is also where an incorrect prior is
most damaging because the error is systematic and difficult to
discover from a conventional performance table. PMST turns
that hidden assumption into a measurable robustness property.
A model card can report not only which directions are
enforced, but how strongly training-only evidence supports
them and how performance changes when a plausible subset
is withdrawn or challenged.

EV-Mono deliberately gives data less authority than a fully
automated sign-learning scheme. The training distribution
may be biased, temporally narrow or affected by historical
procurement policy. Automatically flipping a disputed sign
would therefore convert observational association intopolicy.
Veto-only vetting is more conservative: it says “do not hard-
code this direction yet.” A rejected prior can trigger expert
review, segmentation by commodity type, or collection of
additional evidence.

This design directly extends an important limitation
identified in the audit-oriented supplier-risk framework of
Bian et al., which explicitly notes that a misspecified sign
prior would otherwise be enforced as confidently as a correct
one and calls for documented, contestable elicitation [1]. The
present results operationalize that concern as a measurable
pre-deployment gate and a stress-test protocol. The
relationship is complementary: monotonic constraints
provide the auditability mechanism; empirical vetting
provides robustness to imperfect elicitation.

6.2. Interpretation of XIC and SHAP

XIC is useful because a global SHAP ranking can look
sensible while a procurement officer receives a locally
confusing recommendation. By perturbing one feature in a
risk-reducing direction and re-evaluating that feature’s
attribution, XIC asks whether the displayed explanation
behaves consistently with the model’s stated policy. It is still
an explanation audit, not a causal test. Correlated supplier



variables can move together in reality, and changing one
normalized feature while holding the rest fixed may be
operationally infeasible. XIC should therefore be read as a
model-consistency diagnostic that complements, rather than
replaces, scenario analysis and causal domain reasoning.

The clean experiment also shows why several metrics are
needed. ECR saturates at 1.000 even for unconstrained
XGBoost because the dominant global relationships are
learned correctly. MVR detects local directional violations,
and XIC detects attribution-levelinconsistencies. Conversely,
the stability test shows that perfect monotonic compliance
does not imply perfectly reproducible feature ranks. A
procurement explanation can be directionally safe yet
unstable in which of several correlated variables appears in
the top five.

6.3. Limits to External Validity

The strongest limitation is the synthetic benchmark. The
experiment establishes method behavior under a transparent
generative process; it does not establish the prevalence of
incorrect sign priors in any real supplier population. Feature
names are procurement-motivated, but their distributions are
normalized abstractions rather than measurements from
identifiable firms. The controlled setting is necessary for the
ground-truth stress test, but external validation on
longitudinal supplier data is required before operational
deployment.

Second, the vetting threshold tau=0.72 and B=3 bootstrap
models are pragmatic compute choices, not universal
constants. If features are sparse, heavily confounded or
weakly identified, correct priors may receive low agreement
scores and be left unconstrained. Third, the shift experiment
changes latent block means while preserving the data-
generating mechanism; structural concept drift could be more
severe. Fourth, the models are evaluated at the supplier-record
level and do not represent network propagation, sub-tier
dependencies or contract-specific loss. Fifth, probability
calibration is not optimized; random forest achieves better
Brier and ECE on the clean set, suggesting that a deployed
probability-based decision layer should calibrate the final
model on a separate fold.

Finally, the bootstrap stability study is small and should not
support significance claims. It is included because instability
is a separate audit dimension and because the paired design
reveals that our constraint-vetting contribution should not be
conflated with ranking stability. Future work should use larger
bootstrap budgets, expert panels that record disagreement,
real pre-award supplier outcomes, temporal splits and
commodity-specific priors.

7. Conclusion

This paper addresses a failure mode that becomes more
important as domain-constrained machine learning moves
into procurement governance: domain knowledge can be
wrong. Hard monotonic XGBoost makes explanations
directionally auditable when priors are correct, but PMST
shows that the same mechanism can encode systematic error
when priors are corrupted. EV-Mono preserves the
governance value of expert-supplied signs while allowing
training evidence only to veto unsupported constraints.

On the controlled 12,000-record benchmark, EV-Mono is
competitive rather than dominant on clean prediction, but it
eliminates monotonicity violations and achieves perfect XIC.
More importantly,at 40% prior corruption it rejects all seven
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wrong signs and retains AUC 0.946 and ECR 1.000, whereas
hard monotonic enforcement falls to AUC 0.932 and ECR
0.611. The practical recommendation is simple: document
sign priors, vet them on training data, stress-test
misspecification, and report explanation audits separately
from predictive performance. In high-stakes supplier
screening, trustworthy constraints should be contestable by
design.

Data and Code Availability

The complete Python code, generated benchmark datasets,
model-output tables, figures, metadata, bootstrap AUC results
and a reference-verification log accompany this manuscript.
The data are synthetic and generated by the released code with
seed 42; no row represents a real supplier or company.
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