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ABSTRACT

Administrative sanctions against suppliers to the Peruvian state are imposed after the events that give
rise to them, which limits their usefulness for guiding anticipatory oversight. This study evaluates the
ability of Random Forest and XGBoost to predict debarments or fines in the following year based on the
contractual and sanction trajectory of suppliers. A panel of 210,434 supplier-year observations from
94,359 suppliers awarded contracts between 2018 and 2025 was built, and the sanction history was
reconstructed from archived versions of administrative registries. Using forward temporal validation over
2022-2024, both algorithms were compared with logistic regression and a model based only on prior
sanctions. Random Forest achieved the best performance, with a ROC-AUC of 0.792 and a capture of
42.7% of sanctioned suppliers when the 10% with the highest risk were reviewed, compared with 0.789
and 41.5% for XGBoost. The difference between the two was significant only in PR-AUC. Annual
performance ranged from 0.766 to 0.808 and reached 0.769 among suppliers without prior sanctions,
who accounted for 75.2% of sanctioned suppliers. The temporal audit of sanctions and penalties barely
changed performance, whereas using the current registry instead of the reconstructed one reduced the
ROC-AUC by 0.027. With Random Forest, 12.5 suppliers had to be reviewed for each sanctioned
supplier identified, compared with 53.2 under random selection. This study demonstrates that the
reconstruction of the sanction history and the application of Random Forest and XGBoost make it
possible to anticipate the risk of administrative sanction and to direct oversight toward the suppliers with
the highest risk.

1. INTRODUCTION

Public procurement is the channel through which the state acquires works, goods, and services from private suppliers, and
its weight in public spending makes the reliability of those suppliers a condition for effective government. The outcome of
each contract depends both on the rules that govern supplier selection and on the capacity of contracting entities to oversee
those who deliver the work [1]. When a contractor breaches its obligations, submits false information, or abandons execution,
the cost falls on stalled works, interrupted services, and funds that must be committed again. Award data make it possible to
build objective risk signals before any formal investigation exists [2], but these signals describe procedures rather than the
accumulated conduct of each supplier over time.

Administrative sanctions are the system's response to such breaches. Debarment excludes a supplier from the public market
for a period and serves as a protective mechanism for contracting entities [3], and its preventive use against corruption has
been extended to the exclusion of convicted bidders [4]. Its limitation is timing, because the sanction arrives after the facts
that motivate it and only after a procedure subject to deadlines and statutes of limitation [5]. During that interval the supplier
remains eligible to win contracts, so a sanction that is effective as punishment arrives too late to prevent the damage.

Anticipating sanction risk moves oversight to the stage at which it is still useful. This type of task belongs to the policy
decisions that rely on a prediction, such as choosing where to concentrate a limited inspection capacity [6]. Analytical tools
for public procurement have focused mainly on collusion among bidders, fraud signals, and anomalies in individual contracts
[7], while the subsequent sanction of the supplier is rarely used as the outcome to be anticipated.

The Peruvian case offers the conditions to examine this problem and adds a specific difficulty. The Public Procurement
Tribunal records thousands of debarments and fines every year, but the public registry of sanctioned suppliers removes
sanctions that expired more than four years earlier. Of the 1,681 debarments that started in 2019, the current registry retains
only 420, so a model built on that registry underestimates supplier histories and the frequency of sanctions in the years used
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for training. This study therefore addresses the following research question. To what extent does the contractual and sanction
trajectory of a supplier, observed at the end of a year, predict its sanction by the Public Procurement Tribunal in the following
year?

The general objective is to evaluate the explainable prediction of supplier sanction risk in public procurement through the
comparison of Random Forest and XGBoost with forward temporal validation. The specific objectives are (i) to compare
the predictive performance of Random Forest, XGBoost, multivariable logistic regression, and logistic regression based on
the prior sanctions of suppliers to the state; (ii) to analyze the predictive performance of Random Forest and XGBoost among
suppliers to the Peruvian state without prior sanctions; (iii) to identify through SHAP the variable groups with the largest
contribution to the Random Forest predictions and to contrast their importance with XGBoost; (iv) to estimate the effect of
sanction registry completeness on the predictive capacity of the models by comparing the current registry with the
reconstructed registry; and (v) to evaluate the practical usefulness of the predictions for prioritizing the oversight of suppliers
with the highest sanction risk. The contribution of the study comprises a data component, based on the reconstruction of the
historical sanction registry, and a methodological component, supported by forward temporal validation, the audit of
predictor availability, the comparison of models, and the evaluation of their operational usefulness, while the algorithms
used correspond to existing methods.

2. RELATED WORK

Becker [8] argues that the deterrent effect of a sanction depends on the probability of detection and on the severity of the
expected punishment. In public procurement, Spagnolo [9] shows that supplier reputation can incorporate past performance
into future awards without restricting competition, and Butler et al. [10] find that past-performance mechanisms improve
execution quality without substantially reducing the entry of new bidders. Gerardino et al. [11] document that agencies
shift purchases toward less scrutinized procedures when the probability of an audit increases, so the recorded frequency of
sanctions reflects both supplier conduct and the intensity of oversight.

Procedure design also conditions procurement outcomes. Coviello et al. [12] show that discretion favors repeated awards
to local suppliers, while Palguta and Pertold [13] identify the bunching of contracts just below the thresholds that allow
discretionary procedures. These results show that procurement characteristics and the relationship between supplier and
entity contain signals that can be incorporated into risk models.

On this basis, Table I brings together related work on prediction and prioritization using administrative data. It includes
studies on early warning, risk indicators, and the detection of collusion, anomalies, fraud, and corruption, which make it
possible to situate the analysis of future administrative sanctions at the supplier-year level.

TABLE L. RELATED WORK ON RISK PREDICTION IN PUBLIC PROCUREMENT

Difference from this
study

Does not predict future

Author(s) and year Method or technique Application Main contribution

Gallego et al. (2021)
[14]

Early waming model
with machine learning

Public procurement

Predicts the risk of misconduct
with administrative records

administrative sanctions of
the supplier

Fazekas and Kocsis

Objective risk

Public procurement in

Builds  corruption indicators

Does not estimate future

[16]

" . i h
(2020) [15] indicators several countries from procurement patterns sanctions or use the
supplier-year unit
D§carplls . and Red flags and data | Calls for tenders in | Relates procurement alerts to The ‘unit is the Cau for
Giorgiantonio (2022) . . L tenders, not the sanction of
analysis Italy subsequent investigations

the supplier

Huber and Imhof Maghlhne learning with Collusion in  Swiss Clasm_ﬁes competitive  and The unit is the tender and
(2019)[17] st.atlstlcal screens  of public works tenders cgllqsw; tend_ers from  the the outcome is collusion
bids distribution of bids

. . Comparison of | Collusion in public | Identifies the best-performing | Does not analyze the
Garcia Rodriguez et - . . . . .
al. (2022) [18] clasm‘ﬁcatlon auctions from several algorlt_hms for detecting subsequent sanction of the

) algorithms countries collusive patterns supplier
Domingos et al. | Deep learning for IT pl}rchases by the Detects anomalous purchases as D"e? pot use an obs‘erved
. Brazilian federal . . administrative sanction as
(2016) [19] anomaly detection signals of potential fraud
government the outcome

Velasco et al. (2021) ls)e;(t;ésr;on with suplziosr]: Fraud in Brazilian | Ranks companies by fraud | Does not evaluate
[20] ir}: dicators public procurement signals to guide investigations predictions on later years

Lopez-Iturriaga and
Sanz (2018) [21]

Neural networks

Public corruption in
Spanish provinces

Generates alerts of corruption
cases using economic and
political variables

The unit is the province,
not the supplier

Ash et al. (2025) [22]

Machine learning with
administrative data

Municipal audits in

Brazil

Prioritizes municipalities with
higher corruption risk for
auditing

The unit is the
municipality and  the
outcome is audit findings
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Author(s) and year Method or technique Application Main contribution 3;%?611% from  this

This study Random Forest, | Suppliers to  the | Predicts debarment or fineint+1 | Forward temporal
XGBoost, logistic | Peruvian state with a reconstructed sanction | validation at the supplier-
regression, and SHAP history year level

Table I summarizes research on collusion, fraud, corruption, purchase anomalies, and audit prioritization. Their units of
analysis include tenders, purchases, provinces, municipalities, and firms. In this study, the unit of analysis is the supplier-
year and the outcome corresponds to a future administrative sanction; the design incorporates forward temporal validation
and the comparison between the current registry and the reconstructed registry.

Breiman [23] proposed Random Forest as an ensemble of trees built on bootstrap samples and random subsets of predictors,
and Chen and Guestrin [24] developed XGBoost as a regularized and scalable gradient boosting system for tabular data; both
can represent nonlinear interactions among supplier scale, prices, and trajectory, and Shwartz-Ziv and Armon [25] show that
tree ensembles match or outperform more costly deep architectures on tabular data. Lundberg et al. [26] formulated the exact
computation of SHAP values for tree models, which distributes each prediction among the predictors and aggregates them
into global explanations, whereas Rudin [27] cautions that, in high-stakes decisions, post hoc explanations of a complex
model should be examined carefully and compared with interpretable alternatives. Moreno-Torres et al. [28] show that
changes in the data distribution between training and deployment degrade performance, a condition to be expected in public
procurement because of regulatory reforms and changes in oversight. In the reviewed work, supplier sanctions are rarely
used as an outcome, evaluations on years after the training period are limited, and how the loss of historical sanctions from
the registry affects model training is not examined.

3. METHODOLOGY

The procedure integrated award, consortium, penalty, and sanction records into a supplier-year panel, defined the sanction
in t+1, built predictors with information available at the end of t, and evaluated four models through forward temporal
validation, with SHAP explanations, an audit of the temporal availability of the predictors, and an analysis of sanction
registry completeness. Fig. 1 depicts the complete procedure.

1. Administrative data 2. Supplier-year integration 3. Predictor construction
Awards, consortia and e 210,434 observations e 4 45 predictors in 9 groups
penalties (CONOSCE) 94,359 suppliers (RUC) information up to

36 and 31 sanction file versions 2018-2025 31 December of t
6. Predictive models 5. Temporal validation 4. Sanction outcome in t+1
Randem Forest, XGBoost, -+ Three rolling-origin folds +—— Debarment or fine
logistic regression and test 2022, 2023 and 2024 imposed by the Public
sanction history only validation in the previous year Procurement Tribunal
v
7. Calibration 8. Evaluation 9. SHAP explainability
Isotonic regression e Discrimination, capture, Brier, —_ TreeExplainer on Random Forest
fitted on the validation review workload and decision contribution by predictor group
year only curve; clustered bootstrap and agreement with XGBoost

Fig. 1. Methodological workflow of the study, from the integration of administrative data to the explanation of predictions with SHAP.

The workflow comprises nine stages. The first four stages build the supplier-year panel from the administrative records,
compute the predictors with information available at the end of each year, and define the sanction outcome in the following
year. Stages five to eight organize the forward temporal validation, estimate and recalibrate the four models, and evaluate
them, and the last stage explains the Random Forest predictions with SHAP. The following subsections describe each stage.
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3.1 Dataset Description

The population consists of the suppliers that won at least one award in Peruvian public procurement between 2018 and
2025, including members of winning consortia, according to the open data of the Agency for Efficient Public Procurement
(OECE), formerly the Supervisory Agency for State Procurement. The data come from the award, direct contracting, and
consortium files of the CONOSCE system, from the registries of suppliers sanctioned with debarment and with fines, and
from the registry of contractual penalties, downloaded on September 29, 2026, with the sanction registry updated to
September 26 of that year. The unit of analysis is the supplier, identified by its taxpayer number (RUC), in each year t in
which it won at least one award.

The panel contains 210,434 observations from 94,359 suppliers. Observations from 2025 were excluded from evaluation
because their outcome covers only sanctions that started up to September 26, 2026, so the predictive analysis uses 181,032
observations from 2018 to 2024. The annual share of suppliers sanctioned in the following year ranged from 1.6% in 2024
to 3.1% in 2020, while the share of suppliers with prior sanctions increased from 1.4% in 2018 to 6.8% in 2024. For
consortium awards, the amount was split equally among members because participation shares are not published.

The sanction history was reconstructed because the current registry removes sanctions that expired more than four years
earlier. Merging 36 archived versions of the debarment file and 31 versions of the fines file recovered 16,635 debarments
and 6,564 fines, compared with 9,855 and 4,151 retained in the current registry. The outcome variable and the history
variables of the panel were independently reproduced from the reconstructed registry, with full agreement for the outcome
and agreement above 99.9% for the number of prior sanctions. To audit temporal availability, the complete history of
versions published between September 29, 2021, and October 10, 2026, downloaded in October 2026, was also used, with
354 versions of the debarment file, 310 of the fines file, and 301 and 294 of the two penalty files, whose upload date
indicates when each record first became public. For sanctions that started from October 2021 onward, the median lag
between the start date and the first publication was 3 days, with a 95th percentile of 17 days for debarments and 8 days for
fines, whereas penalties had a median lag of 73 days and only between 54% and 59% of those dated in year t had been
published by December 31 of t. No observable publication date exists for penalties recorded before September 2021.

3.2 Outcome Variable and Predictors

For each supplier i observed in year t, the outcome indicates the start of a debarment or a fine imposed by the Public
Procurement Tribunal in the following year, according to the recorded start date, and is defined as

1, if supplier i starts a debarment or finein t + 1
0, otherwise

e = (1)

Debarments and fines were also analyzed separately as secondary outcomes. The 45 predictors, equivalent to 47 model
inputs after encoding supplier type as indicator variables, are organized into nine analytical groups derived from the public
procurement literature and were computed with information dated up to December 31 of year t, a necessary condition
because information leakage occurs when the model uses information that was not yet available at the prediction date [29].
Table II presents the groups and their indicators.

TABLE II. PREDICTOR GROUPS AND INDICATORS

Predictor group

Indicators

Scale or source

Sanction history

Prior debarments and fines, years since the last one, and active sanction at the end
of t

Registry reconstructed since
1998

Contract compliance

Contractual penalties in t and cumulative, and cumulative penalty amount

Penalty registry

Contracting scale

Items, procedures, awarded and reference amounts, entities, and departments in t

Logarithm for amounts and
counts

Award price

Awarded/reference ratio, median discount, and share of items awarded at the
reference value

Discount bounded between —1
and 1

Selection procedure

Share of items by direct contracting, emergency, reverse auction, simplified award,
public tender, and price comparison; days from call to award; share awarded in
December

Shares of awarded items

Dependence on
entities

Share of the amount from the main entity, HHI across entities, and share with local
and regional governments

HHI between 0 and 1

Contract category

Share of the amount in works, goods, services, and works consultancy services

Shares of the amount

Supplier trajectory

Years with awards since 2018, years since the first award, cumulative amount and
items, award, amount, and entities in t-1, and growth in the amount

History observed since 2018

Form of participation

Share of the amount through consortia, number of consortia, and supplier type

Natural person, legal entity, or
nonresident
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Note. Indicators were built with records dated up to the end of each year. For sanctions and penalties, the date of first publication was also verified.
HHI: Herfindahl-Hirschman index.

The nine groups in Table II cover the sanction and compliance record of the supplier, the scale and price of its awards, the
procedures through which it obtains contracts, its dependence on particular buyers, the object of its contracts, its trajectory
since 2018, and the form in which it participates. All of them are measured at the end of year t, so they approximate the
information that a contracting entity or the regulator would have at the time of prediction.

Amounts and counts were transformed with log(1+x). For logistic regression, continuous variables were standardized with
the mean and standard deviation of the training set of each fold as

N
zjj = ”U—]j (2)

where x;; is the value of predictor j for observation i, and p; and o;j are its mean and standard deviation. XGBoost handled
missing values natively, whereas for logistic regression and Random Forest they were imputed with values that preserve
their meaning, such as 30 years since the last sanction for suppliers without prior sanctions or a growth ratio of 1 for
suppliers without awards in t-1. Missing values in year-t indicators did not exceed 0.2%.

33 Temporal Validation

The evaluation was organized into three rolling-origin folds, in which each model is trained on earlier years, tuned on the
year immediately before the test year, and evaluated on a year that takes no part in any modeling decision. This design
reproduces the conditions under which the alert would be used, a requirement of out-of-sample evaluation to avoid
overstating performance [30]. In the 2022 fold, training covers 2018 to 2020 with 71,637 observations, validation covers
2021, and testing covers 2022; the 2023 and 2024 folds extend the training period by one year each. The three test years
contain 85,341 observations from 54,806 suppliers and 1,604 sanctions, for a rate of 1.88%. Test-year data were not used
in the training, tuning, or calibration of the models.

34 Predictive Models

Four models were estimated on the same data in each fold. The simplest benchmark is a logistic regression with the six
sanction-history indicators, which represents the rule of an entity that looks only at prior sanctions. The other three models
use all 45 predictors. Logistic regression with L2 regularization estimates the probability of sanction as

1

P(Yieer =11 xz) = W

3

where x;; is the vector of standardized predictors and By and P are the coefficients. Random Forest used 500 trees and a
minimum of 20 observations per leaf, following the principle of aggregating trees built on bootstrap samples and random
subsets of predictors. XGBoost builds an additive function of K regression trees of the form

9 =Yk=1fi(x), fu €F 4

where each fi belongs to the space F of regression trees. Trees are added sequentially by minimizing a regularized objective
function

L= 1u9) + Xkoq 2(fi) )

where 1 is the log loss, Q(f) = yT + 2Alwl? penalizes the number of leaves T and the magnitude of their weights w, and y
and A are regularization parameters. Maximum depths of 3, 5, and 7 and minimum child weights of 1 and 10 were evaluated,
with a learning rate of 0.03, row and column subsampling of 0.8, and early stopping on the validation log loss with a
patience of 200 iterations. The configuration with the lowest validation loss was a depth of 7 with 71 trees in the 2022 fold,
a depth of 3 with 640 trees in the 2023 fold, and a depth of 5 with 180 trees in the 2024 fold. Classes were not reweighted,
and the probabilities of all four models were recalibrated with isotonic regression fitted, in each fold, only on the scores
and observed outcomes of the validation year; the fitted function was applied unchanged to the test year, a procedure that
corrects the probability scale without altering the ranking [31].
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3.5 Evaluation

Discrimination was measured with the area under the ROC curve (ROC-AUC) and the area under the precision-recall curve
(PR-AUC), the latter being more informative when the positive class is a minority and having a no-skill value equal to the
sanction rate [32]. Both were computed on the original scores, because isotonic recalibration creates ties. Operational
usefulness was measured by ranking suppliers by estimated risk and selecting the 10% with the highest scores, with capture
and precision defined as

TP10

Capture@10% = TPigtFNg (6)
Precision@10% = ——10 @)
TP1g+FP1q

where TPy are the suppliers sanctioned in t+1 within the top 10% of risk, FNo are the sanctioned suppliers outside that
group, and FP are the non-sanctioned suppliers within it. Review workload was expressed as the number of suppliers that
must be reviewed for each sanctioned supplier identified, equal to 1/Precision@k for k of 5%, 10%, and 20%, and was
compared with random selection. Decision curve analysis [33] compared the net benefit of each model, NB = TP/N —
(FP/N)-p/(1 — py), where p; represents the minimum estimated probability of sanction from which reviewing a supplier is
considered justified, against the strategies of reviewing all suppliers or none. The quality of the recalibrated probabilities
was summarized with the Brier score

BS = %Z?]ﬂ(ﬁi —y1)? (®)

where p; is the recalibrated probability and N is the number of observations, together with a comparison between the mean
predicted rate and the observed rate. The probabilities used in the Brier score and in the decision curve come exclusively
from the recalibration fitted on the validation year. Metrics were computed for the pooled test years and for each year. The
95% confidence intervals were obtained with 1,000 bootstrap resamples clustered by supplier, which draw suppliers with
replacement together with all their observations [34], and differences between models were assessed in a paired manner on
the same resamples.

3.6 SHAP Explainability, Temporal Audit, and Registry Completeness

Predictor contributions were estimated with TreeExplainer on the Random Forest model of each fold and its test year, on
the probability scale and before recalibration, using a random sample of 2,000 observations per test year; the same
procedure was applied to XGBoost, on the logit scale, to contrast both rankings. The prediction for each observation is
decomposed as

) = @0 + XL 0 )

where @ is the base value of the model, ¢; is the contribution of predictor j, and M is the number of predictors. The
contribution of each group was computed as the mean absolute value of the sum of the @; of its indicators, and the stability
of the group ranking across folds was summarized with Spearman correlation. SHAP values were interpreted as contributions
to the prediction and not as causal effects, because dependencies among predictors distort the causal reading of explanations
[35]. The temporal audit recomputed performance by counting each sanction and each penalty only if it had been published
before December 31 of't, first only in the test years and then also in the training years; sanctions present in the first archived
version were dated with the 95th percentile of the observed lag. To estimate the effect of registry completeness, the entire
procedure was repeated in four configurations that use the current or the reconstructed registry to define the training outcome
and to compute the history indicators: A, both with the current registry; B, current outcome and reconstructed history; C,
reconstructed outcome and current history; and D, both reconstructed, which corresponds to the main model. The four
configurations were evaluated against the reconstructed outcome of the test years.

4. RESULTS

4.1 Comparative Performance of the Models

Table III summarizes the performance of the four models on the 85,341 test supplier-years, with a sanction rate of 1.88%.
The three models that use all predictors performed better than the model based only on sanction history, while the
differences among them were small.
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TABLE III. PREDICTIVE PERFORMANCE IN THE 2022-2024 TEST YEARS
Capture@10% (%) | Precision@1 .
- o, - o,
Model ROC-AUC (95% CI) | PR-AUC (95% CI) 3% CI) 0% (%) Brier
Sanction history only 0.623 (0.608-0.638) 0.055 (0.047-0.066) 26.9 (24.5-29.2) 5.1 0.0181
Logistic regression 0.774 (0.763-0.786) 0.085 (0.075-0.098) 41.0 (38.3-43.2) 7.7 0.0178
Random Forest 0.792 (0.781-0.803) 0.087 (0.077-0.099) 42.7 (40.3-45.1) 8.0 0.0178
XGBoost 0.789 (0.777-0.799) 0.081 (0.072-0.093) 41.5 (39.1-43.9) 78 0.0179
Paired differences
ljri‘lr;d"m Forest —history | 168 (0.153 10 0.185) | 0.032 (0.022 to 0.041) 15.8 (13.5 to 18.2) ;0‘000
Random Forest —logistic | 512 0.012100.024) | 0.001 (0.005 t00.007) | 1.8 (~0.1 t0 3.7) 0.0000
regression
Random Forest - —-0.000
XCBoout 0.003 (~0.001 to 0.008) | 0.005 (0.001 to 0.010) 1.2 (03 t02.7) |

Note. N = 85,341 supplier-year observations from 54,806 suppliers, with 1,604 observations sanctioned in t+1. The sanction rate, 1.88%, is the reference
value for PR-AUC. Intervals from 1,000 bootstrap resamples clustered by supplier. Capture differences are expressed in percentage points.

Random Forest achieved the best overall performance, with a ROC-AUC of 0.792 and a PR-AUC of 0.087, 4.6 times the
sanction rate. When the 10% of suppliers with the highest risk were reviewed, it captured 42.7% of sanctioned suppliers
with a precision of 8.0%, compared with 26.9% for the history-only model, an advantage of 15.8 percentage points. Relative
to XGBoost, the advantage was small, as the paired interval excluded zero for PR-AUC but not for ROC-AUC or capture,
and in four replications with different seeds Random Forest outperformed XGBoost by between 0.003 and 0.005 in ROC-
AUC. Relative to logistic regression, Random Forest obtained a ROC-AUC higher by 0.018, with no significant differences
in PR-AUC or capture. The Brier score was virtually identical across the three full models.

Fig. 2 shows the ROC and precision-recall curves of the four models over the pooled test years.

A) ROC curves B) Precision-recall curves

1.0 0.30
- Random Forest (AP = 0.087)
—— XGBoost (AP = 0.081)
0.25 —— Logistic regression (AP = 0.085)
0.8 ! —— Sanction history only (AP = 0.055)
--- Sanction rate (1.88%)

@ 0.20 4
S o6
0} [=
2 o
=] ]
G 5 0.15 1
3 o
a &
g 0.4
= 0.10 4

0.2 q Random Forest (AUC = 0.792)

- —— XGBoost (AUC = 0.788) 0.05 1
—— Logistic regression (AUC = 0.774)
’,“ —— Sanction history only (AUC = 0.623)
0.0 + T T T T 0.00 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

False positive rate Recall

Fig. 2. ROC curves (A) and precision-recall curves (B) of the four models in the pooled 2022-2024 test years. AP denotes average precision, equal to
the PR-AUC reported in Table III. The dashed line in (B) marks the sanction rate.

The ROC curves of Random Forest, XGBoost, and logistic regression overlap along the entire range, and at a false positive
rate of 10% they identify 44.7%, 43.2%, and 41.9% of sanctioned suppliers, respectively, compared with 28.7% for the
history-only model. At a false positive rate of 20%, the three full models reach between 60.9% and 62.7%, while the history-
only model reaches 38.2%. The ROC curve of the history-only model rises steeply up to a true positive rate of about 0.24
at a false positive rate of 5.5% and then becomes almost linear, because most suppliers have no prior sanctions and receive
the same score. In the precision-recall space, all models remain above the sanction rate at every level of recall, and Random
Forest reaches a precision of 11.9% at a recall of 20% and 7.4% at a recall of 50%.

Fig. 3 presents the cumulative capture curves of the four models and the calibration of Random Forest by deciles of
predicted probability in each test year.
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A) Cumulative capture curve B) Random Forest calibration
100 o
Test year
—e— 2022
2023 .
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Fig. 3. Cumulative capture curve of the four models in the 2022-2024 test years (A) and calibration of Random Forest by deciles of recalibrated
probability in each test year (B). The vertical dotted line marks 10% of suppliers reviewed.

Fig. 3A shows that the capture curves of the three full models overlap across the entire review range, whereas the curve of
the history-only model flattens after the first 5% of suppliers, because beyond that point it can no longer distinguish among
suppliers without prior sanctions. In Fig. 3B, the deciles lie close to the diagonal up to a predicted probability of about 4%,
while the highest-risk decile falls below it in all three years, indicating that the model assigns probabilities above the
observed frequencies among the suppliers with the highest estimated risk.

The review workload of Random Forest was 9.9, 12.5, and 17.3 suppliers for each sanctioned supplier identified when the
5%, 10%, and 20% with the highest risk were reviewed, compared with 12.0, 19.8, and 30.5 for the history-only model and
53.2 for random selection, while XGBoost and logistic regression required between 10.0 and 17.9. In the decision curve
analysis, Random Forest obtained a higher net benefit than reviewing all or no suppliers for probability thresholds between
0.5% and 7.5%, with a maximum net benefit of 0.0078, equivalent to 7.8 net true positives per 1,000 suppliers evaluated,
at the 2% threshold, and above 10% no model provided an appreciable net benefit.

Restricting the test-year predictors to the information published before each prediction date changed at least one predictor
in 1.2% to 1.8% of the observations, mainly because of penalties not yet published, and did not appreciably change the
performance of Random Forest, with a difference in ROC-AUC of —0.0003 (95% CI: —0.0007 to 0.0003) and in capture of
0.1 points (0.5 to 0.6). A conservative re-estimation, which also excluded from training the records without an observable
publication date, reduced the ROC-AUC of Random Forest to 0.784, with a difference of 0.008 (95% CI: 0.005 to 0.011),
and capture to 40.5%, and kept the same ranking of the models. This reduction comes from the 2018—2020 training years,
prior to the first archived version, and not from the evaluation years.

4.2 Performance by Test Year and Type of Sanction

Table IV breaks down the performance of Random Forest by test year and by type of sanction, together with the ROC-
AUC of XGBoost and the history-only model for comparison.

TABLE IV. PERFORMANCE OF RANDOM FOREST BY TEST YEAR AND TYPE OF SANCTION

Random

XGBoost | History- Random
Evaluation N Sanctioned Random Forest ROC- ROC- only ROC- | Forest PR- Forest

AUC (95% CI) Capture@1
AUC AUC AUC
0% (%)

2022 28,652 627 0.766 (0.747-0.784) 0.764 0.592 0.090 38.4
2023 27,534 503 0.808 (0.791-0.825) 0.797 0.598 0.101 46.3
2024 29,155 474 0.807 (0.790-0.826) 0.806 0.603 0.072 43.2
Debarment,
20202024 85,341 996 0.836 (0.825-0.848) 0.816 0.613 0.076 50.9
;)”22 2022- 1 g5 341 657 0.723 (0.704-0.741) 0.714 0.492 0.027 32.1

Note. Debarment and fine were estimated separately and are not mutually exclusive categories; a supplier-year may record both. 95% CI from 1,000
bootstrap resamples clustered by supplier.

The ROC-AUC of Random Forest increased from 0.766 in 2022 to 0.808 in 2023 and 0.807 in 2024, in parallel with the
extension of the training period, while the PR-AUC fell to 0.072 in 2024 as the sanction rate declined. XGBoost followed
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the same trajectory with equal or slightly lower values in each year, and the history-only model remained close to 0.6 in all
three years.

Calibration of Random Forest was adequate in 2022, with a mean predicted rate of 2.25% against an observed rate of
2.19%, but the model overestimated risk in 2023, with 2.37% against 1.83%, and in 2024, with 1.89% against 1.63%.
Calibration slopes between 0.90 and 1.07 indicate that the miscalibration lies in the overall level of risk rather than in the
spread of the probabilities, as Fig. 3B shows.

Debarment was more predictable than fines, with a ROC-AUC of 0.836 versus 0.723 for Random Forest and of 0.816
versus 0.714 for XGBoost, and a capture of 50.9% versus 32.1%. The history-only model reached 0.613 for debarment and
0.492 for fines, a value equivalent to a no-skill classifier. In the reconstructed history, 95.8% of the 6,249 fines that started
between 2019 and 2025 correspond to failure to sign the contract after the award, while 60.4% of the 10,299 debarments
in the same period originate in the submission of inaccurate information or false documents and 23.7% in contract
termination by the contracting entity.

4.3 Suppliers With and Without Prior Sanctions

Table V reports the performance of the models by supplier history, in its upper block, and by the completeness of the
registry used to train Random Forest, in its lower block.

TABLE V. PERFORMANCE BY SUPPLIER HISTORY AND SANCTION REGISTRY COMPLETENESS, 2022-2024
. . Capture@10%
- o, - o,
Scenario N Sanctioned | ROC-AUC (95% CI) | PR-AUC (95% CI) (%) (95% CI)
Subgroups by history (reconstructed
registry)
Random Forest, all suppliers 85,341 | 1,604 0.792 (0.781-0.803) 0.087 (0.077-0.099) | 42.7 (40.3-45.1)
Random Forest, no prior sanctions 80,082 | 1,207 0.769 (0.756-0.781) 0.055 (0.049-0.063) | 38.9 (36.3-41.8)
XGBoost, no prior sanctions 80,082 | 1,207 0.769 (0.756-0.781) 0.051 (0.045-0.057) | 37.4 (34.7-39.7)
History only, no prior sanctions 80,082 | 1,207 0.538 (0.522-0.553) 0.017 (0.015-0.018) | 6.0 (4.8-7.3)
Random Forest, with prior sanctions 5,259 397 0.690 (0.663-0.718) 0.162 (0.136-0.201) | 26.7 (22.4-30.9)
Registry completeness (Random Forest,
evaluated against the reconstructed
outcome)
fe'g iglﬁ‘;”me and history from the current | g5 341 | 604 0.765 (0.753-0.777) | 0.070 (0.063-0.079) | 39.5 (37.2-41.8)
B. Current outcome and reconstructed history | 85,341 | 1,604 0.776 (0.764-0.787) 0.079 (0.071-0.090) | 41.2 (38.5-43.4)
C. Reconstructed outcome and current history | 85,341 | 1,604 0.782 (0.771-0.793) 0.077 (0.069-0.087) | 41.3 (38.8-43.6)
D '0 l;:f)"nsmted outcome and history (main | g5 341 | 604 0.792 (0.781-0.803) | 0.087 (0.077-0.099) | 42.7 (40.3-45.1)
igfect of the reconstructed outcome (C — 0.017 (0.012 to 0.023) gg(llg) (0.003 to 1.8 (0.1 to 3.7)
Effect of the reconstructed history (B — A) 0.011 (0.007 to 0.014) 0.009 (0.006 to | 1.7(0.3t02.8)
0.014)
Total effect of completeness (D — A) 0.027 (0.021 to 0.034) 0.017 (0.011 to | 3.2(1.1t05.3)
0.024)

Note. The interval for the subgroup with prior sanctions was obtained with 200 resamples and the others with 1,000 bootstrap resamples clustered by
supplier. Capture differences are expressed in percentage points.

Observations corresponding to suppliers without prior sanctions represent 93.8% of the test observations and account for
1,207 of the 1,604 cases sanctioned in t+1, 75.2% of the total, with a rate of 1.51% compared with 7.55% among suppliers
already sanctioned. In this subgroup, Random Forest and XGBoost achieved a ROC-AUC of 0.769 and captured 38.9%
and 37.4% of sanctioned suppliers, respectively, while the history-only model obtained 0.538. Among suppliers with prior
sanctions, the ROC-AUC of Random Forest was 0.690.

4.4 SHAP Analysis

When the SHAP values of Random Forest were aggregated by group, supplier trajectory accounted for 24.9% of the total
contribution, followed by contracting scale with 18.9% and sanction history with 11.1%. Dependence on entities
contributed 10.9%, award price 10.0%, contract category 8.0%, selection procedure 6.2%, contract compliance 5.7%, and
form of participation 4.3%. The group ranking was stable across folds, with Spearman correlations between 0.97 and 0.98.
In XGBoost, trajectory also ranked first, with 32.0%, followed by dependence on entities with 14.1% and scale with 11.3%;
the Spearman correlation between the group rankings of both models was 0.77, and 9 of the 12 most influential indicators
coincided.
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Fig. 4 shows the SHAP values of the twelve most influential indicators of Random Forest, ordered by their mean

contribution.
] High
Cumulative awarded amount t— L
Departments in t o
Cumulative awarded items *
Share of amount with local governments +
Reference amount in t -’——- 5
Share of amount from main entity -{—— S
<
Contracting entities in t-1 -‘-— %
Share of amount in goods —+—- =
Awarded amount in t
HHI across entities i
Awarded/reference ratio .
Years since last debarment L
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SHAP value (impact on predicted probability of sanction)

Fig. 4. SHAP values of the twelve indicators with the largest contribution to the Random Forest predictions in the 2022-2024 test years, based on a
random sample of 6,000 observations (2,000 per year). Each point corresponds to one observation and its color indicates the value of the indicator; gray
points in years since the last debarment correspond to suppliers without prior debarments.

In Fig. 4, the cumulative awarded amount, the number of departments in which the supplier executes contracts, the
cumulative number of awarded items, the reference and awarded amounts in t, and the contracting entities in t-1 increase
the estimated risk, whereas the share of the amount contracted with local governments, the share of the amount from the
main entity, concentration across entities, and the share of the amount in goods reduce it. A lower awarded/reference ratio,
that is, a larger discount, increases risk, and a recent debarment also increases it, with an effect that fades as years go by.
Fig. 5 presents the Spearman correlation matrix of these twelve indicators in the test years.

Spearman correlation matrix of the most influential indicators
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Fig. 5. Spearman correlation matrix of the twelve most influential indicators according to the Random Forest SHAP values, computed on the 2022-
2024 test observations.

The median absolute correlation in Fig. 5 is 0.25, and 21 of the 66 pairs exceed 0.5 in absolute value. The share of the
amount from the main entity and concentration across entities correlate at practically 1, the reference and awarded amounts
in t at 0.99, the cumulative awarded amount with the awarded amount in t and with the reference amount at 0.86 and 0.85,
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and with cumulative items at 0.81, while the number of departments is negatively related to concentration across entities
and to the share of the main entity (—0.66). The strongest associations occur within the scale and dependence groups, and
between scale and trajectory, which share part of their SHAP contribution, so the aggregation by group provides a more
stable reading than the ranking of individual indicators within each group. The correlations involving years since the last
debarment are computed only for the 4.5% of supplier-years with a prior debarment.

4.5 Reconstructed History Versus the Current Registry
The current registry omits 6,780 debarments and 2,413 fines, 40.8% and 36.8% of the reconstructed total, and the loss is

concentrated in sanctions that started up to 2022. Fig. 6 compares the sanctions of the reconstructed history with those
retained in the current registry and the resulting sanction rate in t+1.

A) Debarments B) Fines C) Sanction rate in t+1
3.5
W Current registry 2000 { mmm Current registry
Archived versions only Archived versions only
2000 4 1750 4 3.0+
g 1500 £ 254
= 1500 4 -
2 1250 250
a £~
s 1000 A 3
T 1000 5 1.5
E 750 kS
2 & 10
500 500 A
250 4 0.54 —e— Reconstructed history
Current registry
0- 0 T T T T 0.0 T T T
2015 2017 2019 2021 2023 2025 2015 2017 2019 2021 2023 2025 2018 2020 2022 2024
Sanction start year Sanction start year Year t

Fig. 6. Debarments (A) and fines (B) by start year according to their presence in the current registry or only in archived versions, and rate of suppliers
sanctioned in t+1 computed with the reconstructed history and with the current registry (C).

Fig. 6A and Fig. 6B show that most debarments and fines that started before 2019 are missing from the current registry,
and that the gap narrows sharply from 2022 onward. As a result, in Fig. 6C the sanction rate in t+1 computed with the
current registry is 0.82% for 2018, compared with 3.06% with the reconstructed history, and that both rates coincide only
from 2022 onward.

With the current registry, the training sets lose most of their positive cases, as the 2022 fold has 712 sanctioned suppliers
instead of 2,058, the 2023 fold 1,143 instead of 2,598, and the 2024 fold 1,756 instead of 3,225, while the test years barely
change, with 1,575 sanctioned suppliers versus 1,604. The lower block of Table V separates the two uses of the registry.
With the history from the current registry, using the reconstructed outcome raised the ROC-AUC of Random Forest by 0.017
(C versus A), and with the current outcome, using the reconstructed history raised it by 0.011 (B versus A). Both effects
were nearly additive and together amounted to 0.027 in ROC-AUC, 0.017 in PR-AUC, and 3.2 points in capture (D versus
A), with intervals that exclude zero; XGBoost showed the same pattern, with a total gain of 0.026. The model trained on the
current registry reports a ROC-AUC of 0.763 when evaluated on that same registry and 0.765 when evaluated on the
reconstructed history, so the loss of information is not visible when only the current registry is analyzed, and the history-
only model falls to a ROC-AUC of 0.494.

5. DISCUSSION

Random Forest anticipated next-year sanctions with a ROC-AUC of 0.792 and captured 42.7% of sanctioned suppliers
within the top 10% of risk, with a small advantage over XGBoost and a capture close to that of logistic regression. This
proximity among the models is consistent with Christodoulou et al. [36], who found no systematic advantage of machine
learning over logistic regression in prediction models. The lower performance relative to the collusion studies summarized
in Table I is explained by the fact that a sanction depends on breaches during execution and on the entity reporting them,
not only on patterns observable in a tender. The result also shows that the usefulness of the alert comes from combining
contractual and sanction information rather than from the complexity of the algorithm. Restricting the sanction and penalty
predictors to the information published before each prediction date did not appreciably change performance, which supports
the stability of the results against the publication lags identified in these sources. With a precision of 8.0% in the top 10%
of risk, the tool reduces from 53.2 to 12.5 the number of suppliers that must be reviewed for each sanctioned supplier
identified, although 11 of every 12 prioritized suppliers will not be sanctioned, so the list serves to order oversight and does
not constitute evidence of liability.

Discrimination remained between 0.766 and 0.808 over the three test years, but calibration deteriorated when the sanction
rate fell below that of the validation year. This pattern corresponds to the drift in the prior probability of the outcome
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described by Gama et al. [37] and agrees with Van Calster et al. [38], who note that good discrimination does not guarantee
correctly calibrated probabilities, so recalibration should be repeated when the frequency of the outcome changes. The
difference between debarments and fines, with ROC-AUC values of 0.836 and 0.723, is consistent with Gallego et al. [39],
who showed that predictive capacity changes with the type of outcome in administrative data. In this study, the outcome is
a recorded administrative sanction and not the underlying conduct. The composition of the registry explains part of this
difference, because 95.8% of fines penalize the failure to sign the contract after the award, a decision taken at the award
stage that is unrelated to prior sanctions.

Supplier trajectory, contracting scale, and sanction history accounted for the largest contribution in Random Forest, and
the order of the groups essentially matched that of XGBoost, while 75.2% of sanctioned suppliers had no prior sanctions,
a group in which Random Forest retained a ROC-AUC of 0.769. The directions observed for award price agree with
Calveras et al. [40] and Decarolis [41], because larger discounts increased risk, in line with the theory of reckless bids and
their subsequent cost overruns. The higher risk associated with cumulative exposure to the public market is consistent with
Colonnelli et al. [42], who link dependence on public contracts with the consequences firms face when they are sanctioned.
The use of signals other than sanction history also coincides with the prioritization systems summarized in Table I. An alert
based only on prior sanctions would miss most of the suppliers that will be sanctioned.

The completeness of the registry raised the ROC-AUC of Random Forest by 0.027 and capture by 3.2 percentage points,
an improvement that comes mostly from recovering past sanctions as outcomes (0.017) and to a lesser extent from
recovering them as supplier history (0.011). This improvement is not visible with the current registry, because the model
trained on it reports 0.763 when its performance against the reconstructed outcome is 0.765. The problem resembles the
selective labels problem described by Kleinberg et al. [43], in which an evaluation based on incompletely observed
outcomes can conceal relevant differences, and the data construction errors that Kapoor and Narayanan [44] identify as a
source of optimistic conclusions in applied machine learning. Hino et al. [45] showed that historical records can be used to
target oversight tasks, and the results of this study indicate that such gains require preserving the complete history.
Publishing all sanctions imposed by the Tribunal, not only recent ones, strengthens the construction and evaluation of alerts
with the system's own data. More than three quarters of the debarments absent from the current registry entered the public
file in a single historical load in November 2021, so the reconstruction depends on versions that the regulator no longer
publishes [46-47].

6. LIMITATIONS

The limitations of the study relate to the selection of awarded suppliers and to the nature of administrative sanctions, whose
imposition depends on detection and resolution procedures, so the predictions do not represent evidence of fraud or liability
of the supplier. In addition, the historical availability of the records is subject to restrictions, because verifiable publication
dates are not available for some penalties, nor are historical versions of awards and consortia. The temporal audit of
sanctions and penalties showed that these restrictions did not substantially alter predictive performance in the evaluated
years, although the results do not allow this conclusion to be extended to the sources without a publication history.

7. CONCLUSIONS

The information available at the end of each year made it possible to anticipate the administrative sanction of suppliers to
the state in the following year. Random Forest achieved the best overall performance, with a ROC-AUC of 0.792 and
42.7% of sanctioned suppliers concentrated within the 10% with the highest estimated risk, with a small advantage over
XGBoost, which reached 0.789, and a capture close to that of logistic regression. Restricting the sanction and penalty
predictors to information published before each prediction date did not appreciably change model performance.
Discrimination remained between 0.766 and 0.808 during 2022-2024, although calibration required adjustment in response
to annual variations in the frequency of sanctions. Debarment showed greater predictability than fines, with a ROC-AUC
of 0.836 versus 0.723.

Supplier trajectory was the predictor group with the largest contribution in Random Forest, followed by contracting scale
and sanction history, an order that essentially matches XGBoost. Sanction history, however, proved insufficient as a sole
alert criterion. Of the subsequently sanctioned suppliers, 75.2% had no prior sanctions, and even within this group Random
Forest retained a ROC-AUC of 0.769. These findings show that early identification of sanction risk requires integrating the
contractual trajectory of the supplier with different signals of its participation in public procurement, instead of
concentrating oversight only on those who have already been sanctioned.

The reconstruction of the sanction history showed that the completeness of the records directly influences predictive
performance. The current registry omits a substantial share of older sanctions, and the model trained on that information lost
0.027 in ROC-AUC, 0.017 in PR-AUC, and 3.2 percentage points in capture at 10% compared with the model built on the
reconstructed history, a loss that comes mainly from the outcome and to a lesser extent from the history. This loss is difficult
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to identify when the model is evaluated only against the current registry itself. Preserving the complete sanction history
strengthens the training, evaluation, and reproducibility of alert systems. Within the top 10% of risk, the model requires
reviewing 12.5 suppliers for each sanctioned supplier identified, compared with 53.2 under random selection, and it should
be used to prioritize oversight actions and not to impose sanctions, restrictions, or administrative decisions automatically,
because it predicts a future administrative sanction and not fraud, corruption, or liability of the supplier.

Data and Code Availability

The administrative records underlying this study are publicly available from Peru's public procurement authority.
Additional information regarding the analytical dataset and research procedures may be obtained from the corresponding
author upon reasonable request at mrodriguezsaa@unsa.edu.pe.
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    Y  i , t + 1 =  {    1 ,     if   supplier   i   starts   a   debarment   or   fine   in   t + 1   0 ,     otherwise


    z  i j =     x  i j −   𝜇  j    𝜎  j


  P  (   Y  i , t + 1 = 1   ∣     x  i t ) =  1  1 +  exp ⁡   ( −  (   𝛽 0 +   x  i t ⊤ 𝛽 ) )


      y ^  i =   ∑  k = 1  K    f  k  (   x  i ) ,       f  k ∈ ℱ


  ℒ =   ∑  i = 1  n  l  (   y  i ,     y ^  i ) +   ∑  k = 1  K  𝛺  (   f  k )


  Capture @ 10 % =    TP 10   TP 10 +  FN 10


  Precision @ 10 % =    TP 10   TP 10 +  FP 10


  BS =  1  N   ∑  i = 1  N     (     p ^  i −   y  i ) 2


  f  ( x ) =   𝜑 0 +   ∑  j = 1  M    𝜑  j

