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Abstract

Credit scoring models trained exclusively on accepted applicants suffer from
sample selection bias, a problem amplified in peer-to-peer (P2P) lending where
rejection rates exceed 90%. Reject inference methods attempt to correct this
bias by incorporating information from rejected applicants, yet most approaches
assume linear decision boundaries and rarely evaluate whether the underlying
missing-data assumptions hold empirically.

We propose LogisticCEMD2, a semi-supervised classification algorithm that
integrates degree-2 polynomial feature expansion with £; regularization within
the Classification Expectation-Maximization (CEM) framework. The polynomial
extension captures pairwise feature interactions and quadratic effects while £;
penalization performs automatic feature selection among the expanded feature
set. We develop a mini-batch variant with proven convergence guarantees and
O(Jd?(B + In;)) computational complexity.

We evaluate the method on LendingClub data comprising 1,266,782 accepted and
2,401,300 rejected loan applications (2007-2018). Empirical validation reveals
that the selection mechanism is strongly non-random (classification AUC =
0.943), establishing that the Missing at Random assumption underlying CEM is
substantially violated. All subsequent results therefore characterize CEM behav-
ior under documented Missing Not at Random conditions. Across 25 independent



runs comparing 12 classifiers, Friedman tests confirm significant performance dif-
ferences (x2 = 193.4, p < 0.001). With the standard hard classification step,
LogisticCEMD2 achieves AUC 0.602 with particular strength in recall (0.656),
but exhibits poor calibration (Brier = 0.304). An ablation study with Bonferroni-
corrected Wilcoxon signed-rank tests reveals that replacing the hard classification
step with soft posterior weights (SoftEM) recovers both discrimination (AUC =
0.633, matching the supervised baseline) and calibration (Brier = 0.236; Hosmer-
Lemeshow p = 0.083), demonstrating that the discrimination loss is caused by
the binarization of posteriors rather than the CEM framework itself. Sensitivity
analysis reveals performance degradation when unlabeled samples substantially
exceed labeled samples.

These results establish that polynomial CEM with soft assignment preserves
both discrimination and calibration under MAR violation, while the hard C-step
variant trades discrimination for sensitivity. Practical value depends on the label
assignment strategy and the asymmetric cost structure typical of credit scoring.

Keywords: Credit scoring, Reject inference, Semi-supervised learning, P2P lending,
Classification EM, Polynomial features

1 Introduction

Peer-to-peer (P2P) lending platforms have expanded access to consumer credit by
connecting borrowers directly with investors, bypassing traditional banking inter-
mediaries. LendingClub, the largest U.S. platform, facilitated $1.85 billion in loan
originations in 2024, a 13% increase over the prior year (LendingClub Corporation
2024). This growth creates a corresponding need for accurate credit risk assessment:
even marginal improvements in default prediction translate to measurable reductions
in portfolio loss for both platforms and investors (Hand and Henley 1997).

A persistent challenge in credit scoring is sample selection bias. Scoring models are
typically trained on accepted applicants only, because default outcomes are observed
exclusively for borrowers who received loans (Thomas 2000; Baesens et al. 2003). In
the LendingClub dataset spanning 2007-2018, only 8% of applicants were accepted,
meaning the training sample excludes 92% of the applicant population. When the
acceptance decision depends on the same features used for scoring, the resulting model
is biased toward the characteristics of accepted borrowers and may perform poorly on
the full applicant distribution (Heckman 1979; Feelders 2000). This problem is formally
known as reject inference: estimating default risk for applicants whose outcomes are
unobserved because their applications were denied. Missing data mechanisms (Heitjan
and Basu 1996) determine the theoretical properties of reject inference approaches:
if selection is Missing at Random (MAR), the labeled sample is informative about
the full population conditional on observed features, whereas Missing Not at Random
(MNAR) invalidates most standard correction methods.

Several approaches to reject inference have been proposed. Reweighting adjusts the
contribution of each accepted applicant based on its probability of selection (Biicker
et al. 2013). Augmentation assigns pseudo-labels to rejected applicants and retrains



the model (Banasik et al. 2003). Semi-supervised methods treat rejected applicants as
unlabeled data and estimate their default probabilities jointly with model parameters
(Li et al. 2017; Chapelle et al. 2006). Among these, the Classification Expectation-
Maximization (CEM) framework combines a discriminative classifier with iterative
label assignment and parameter re-estimation (Celeux and Govaert 1992; Vittaut et al.
2002; Amini and Gallinari 2002). Anderson and Hardin (2013) demonstrated that
logistic CEM improves credit scoring when applied to reject inference. El Annas et al.
(2023) proposed an alternative semi-supervised framework using Hidden Markov Mod-
els on LendingClub data, while Shen et al. (2021) developed deep learning approaches
for credit scoring with oversampling. Ensemble methods (Wang et al. 2011; West
et al. 2005; Wang et al. 2012; Lessmann et al. 2015) and SVM-based approaches (Bel-
lotti and Crook 2009) have shown strong performance in credit scoring benchmarks.
However, existing CEM-based approaches rely on linear logistic regression, limiting
the decision boundary to a hyperplane and ignoring feature interactions (Murty and
Raghava 2016).

In this paper, we extend the semi-supervised logistic CEM framework in three ways.
First, we introduce a degree-D polynomial feature expansion that enables non-linear
decision boundaries through quadratic terms and pairwise interactions, specializing to
D = 2 (LogisticCEMD2) to balance expressiveness against the curse of dimensionality.
Second, we incorporate ¢1 regularization to perform automatic feature selection among
the expanded polynomial feature set, reducing the effective dimensionality from O(d?)
to a sparse subset. Third, we develop a mini-batch variant that processes random sub-
sets of the unlabeled data in each EM iteration, with a scaling factor that yields an
unbiased estimator of the full-batch objective and convergence guarantees as the batch
size approaches the full unlabeled sample. Our specific aims are: (1) to quantify the
degree of Missing at Random (MAR) violation in LendingClub data and characterize
its impact on CEM-based reject inference; (2) to compare LogisticCEMD?2 against 12
supervised and semi-supervised baselines across 25 independent runs with formal sta-
tistical tests; (3) to quantify the individual and joint contributions of each algorithmic
component via ablation; and (4) to characterize model sensitivity to the volume of
unlabeled data.

2 Methods

Reject inference maps directly onto the semi-supervised learning (SSL) framework:
accepted applicants with observed outcomes constitute the labeled dataset, rejected
applicants whose default status is unobserved form the unlabeled dataset, the plat-
form’s acceptance decision functions as the selection mechanism, and the reject
inference objective (estimating default risk for the full applicant population) is equiv-
alent to the SSL classification objective of learning from both labeled and unlabeled
data (Chapelle et al. 2006). The key question is whether the selection mechanism sat-
isfies the Missing at Random (MAR) condition (Little and Rubin 2019), i.e., whether
acceptance depends only on observed features and not on the unobserved outcome.
When MAR is violated, the labeled sample is not representative of the full population



conditional on features alone, and semi-supervised methods that implicitly assume
MAR may produce biased estimates.

2.1 Problem Formulation

Let D; = {(xi,2:)}[, denote the labeled dataset, where x; € R? is the feature
vector and z; € {0,1} the binary class label (0 = non-default, 1 = default). Let
D, = {xi};fgﬁ_l denote the unlabeled dataset of m rejected applicants. Under the
cluster assumption in semi-supervised learning (Zhu and Goldberg 2009), points within
the same cluster are likely to share the same class label.

The complete-data log-likelihood for the combined dataset is:

n 2 ni+m 2
LLCZZZZikIOgP(Pk | x;,0) + Z ZzikIOgP<Pk | x;,0), (1)
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where z;; € {0,1} is the indicator that observation i belongs to class k, Py denotes
class k, and 8 = 3 collects the model parameters. For labeled data, z;; is observed
directly from the outcome; for unlabeled data, it is estimated during the E-step. For
binary classification (K = 2), the class indicators satisfy z;; + z;2 = 1, and we define
the scalar shorthand z; = z;; € {0,1} (with z;2 = 1 — 2;). This binary shorthand z; is
used in all subsequent notation, including Algorithm 1.

Using a discriminative formulation (Vittaut et al. 2002), the posterior probability

is modeled as: .
PP | x;,0 :UﬁTxi = 2
(P 1x00) = 0(8Tx) = e @

where o(+) is the logistic function and B includes an intercept term.

2.2 Polynomial Extension

Standard logistic CEM restricts the decision boundary to a hyperplane. To capture
non-linear relationships, we replace x; with a polynomial feature map ¢, (x;) of degree

D:
5
1 = * 3
°g<1_m> Bo + Zd Bax?, (3)
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where o = (a1, ..., aq) is a multi-index with |a| =3, a;, and x* = [, zy .

For D = 2 with d input features, the expanded feature vector ¢,(x;) € RP has
dimension:

d(d — 1) d(d — 1)

p=d+d+ = 2d+ =, (4)

comprising d linear terms, d squared terms, and (;l) pairwise interaction terms. For
d = 8 features, this yields p = 44 polynomial features.



Algorithm 1 LogisticCEMD2
Require: Labeled data D;, unlabeled data D,, degree D = 2, regularization A,
tolerance €, max iterations Jy.x, patience P

1: Compute ®; = ¢5(D)), ®,, = ¢P5(Dy,)

2. Train initial model: G(®) < LogisticRegression(¢1, C' = 1/\).fit(®;,y;)

3: j < 0, best_1l + —oo, no_improve <« 0

4: while j < Jma_x do

5: E-step: p,gj ) G(j).predict,proba(ll)u) > Posterior probabilities

6: C-step: zZ(JH) — J/I‘[pl(.J) > 0.5] for all x; € D, > Hard label assignment

7. M-step: GUtD) < LogisticRegression (¢, C' = 1/)).fit(®; U ®,,,y; UzU*D)
—~ (74+1

8: Compute LL(H_ ) via Eq. (5)

9: Early stopping: if |LL(]+ ' LL \ < € for P consecutive iterations, break

10: j+—7+1
11: end while .
12: return G**Y (model with highest LL,)

2.3 LogisticCEMD2 Algorithm

Adding ¢; regularization to the complete-data log-likelihood for joint feature selection
and parameter estimation:

ni+m
FLe=3" 3 lox PP 6250 0) + 32 S zulog PP | galox).8) -~ MBI,
k=1x;EPy k=1i=n;+1

()
where A > 0 controls regularization strength.
Algorithm 1 presents the full LogisticCEMD?2 procedure, and Algorithm 2 presents
its mini-batch extension.

2.4 Convergence of the Mini-batch Estimator

Theorem 1 Let ﬂ rp and ﬁ p denote the parameter vectors after j iterations of the full-
batch and mini-batch algomthms, respectively. The scaled mini-batch objective satisfies:

— —~FB, .
1. Unbiasedness: ]Es(j)[LL (5(3))] =LL, (BY)
MB
2. Variance bound: Var(LL, (8Y)) = mg(;ml)B) < m U , where o2 is the finite-
population variance of per- sample log likelihood contmbutzons

3. Convergence: LL (ﬂm) LL (,B(j)) as B—m

When B = m, the two algorithms coincide exactly.



Algorithm 2 Mini-batch LogisticCEMD2
Require: As Algorithm 1, plus batch size B
1. Compute ®; = ¢y(Dy), By = ¢o(Du)
2: Scale factor: s = m/B
3: Train initial model: G(®) < LogisticRegression(¢;, C = 1/)).fit(®;,y;)
4: for j =0,1,...,Jpax — 1 do
5 Sample SU) ¢ D,, uniformly without replacement, |S)| = min(B, m)
6
7
8

E-step: p\”) « GU) predict_proba(¢,(S¥)))

C-step: zgjﬂ) <—H‘[pl(-j) > 0.5] for all x; € SU)

M-step: Fit GUTY on ®; U ¢, (SVY)) with sample weights w; = 1 (labeled),
w; = s (unlabeled)

~ (j+1 )
9: Compute LL((:j - LL;+s- LLS(]) — MBI
10: Early stopping check as in Algorithm 1
11: end for

12: return G(Pest)

Proof Under uniform sampling without replacement of B items from m, each x; € Dy, satisfies
P(x; € S(j)) = B/m. The expected mini-batch log-likelihood contribution is:

ELy P8 = Y —tai 2,89 = ZL{P(8Y),
x; €Dy,

—~ MB —~FB
The scaling factor m/B cancels, yielding E[LL. ]| = LL. . For the variance, the finite-
population correction for sampling without replacement gives:

Var (Z > Z(xi,~)) _mo*(m—B) _m’®

et B(m—1) — B’

which vanishes as B — m. Convergence in probability follows from Chebyshev’s inequality.
O

2.5 Computational Complexity

The polynomial expansion produces p = O(d?) features. Each EM iteration requires:
the E-step at O(Bd?) for computing posteriors on the mini-batch, the C-step at O(B)
for thresholding, and the M-step at O(I(n; + B)d?) for fitting the penalized logistic
regression with I internal solver iterations. For J EM iterations, the total complexity
is O(J - (Bd? + I(n; + B)d?)), which reduces to O(JIn;d?) when B < n; and is
significantly more efficient than the full-batch cost of O(JI(n;, + m)d?).

2.6 Data and Preprocessing

We use the LendingClub dataset from Kaggle (Verthez 2017), comprising loan appli-
cations from 2007 to 2018. The accepted dataset contains 2,260,701 loans with 150
features; the rejected dataset contains 27,648,741 applications with 6 features. After
filtering to terminal loan statuses (Fully Paid = class 0, Charged Off = class 1) and
removing records with missing values (< 3%), the accepted dataset contains 1,266,782



Table 1 Descriptive statistics of accepted and rejected loan datasets after

preprocessing.
Accepted (n = 1,266,782) Rejected (n = 2,401,300)
Mean Std Min Max | Mean Std Min Max
Loan amount ($) 14,601 8,747 500 40,000 14,343 10,868 1,000 40,000
DTI (%) 18.1 9.6 —1.0 100.0 25.6 19.5 —1.0 100.0
FICO score 698.1 31.7 627.0 847.5 676.2 39.2 627.0 990.0

loans (1,019,356 non-default; 247,426 default). Identical outlier filters are applied
symmetrically to both accepted and rejected datasets to ensure consistent feature dis-
tributions: DTI < 100%, loan amount < $40,000, and FICO > 627. We cap DTI at
100% following industry convention; 283,054 rejected observations (3.15%) with DTI
> 100% were excluded as likely data entry errors or system placeholders, along with
a negligible number of accepted observations exceeding the same thresholds. The final
rejected dataset contains 2,401,300 applications.

Since reject inference requires features common to both accepted and rejected
datasets (the only features for which both populations are observed), we retain eight
features: loan amount, debt-to-income ratio (DTI), FICO score (mean of the range
endpoints), employment length (ordinally encoded), loan purpose (label encoded), and
three binary indicators for state-level default risk (d1: high, d2: medium, d3: low).
The state risk groups are defined once from the full historical accepted dataset and
hardcoded in the experimental configuration, representing prior domain knowledge
about geographic risk variation rather than a data-driven grouping that would need to
respect train/test boundaries. The 150 features available only for accepted applicants
are discarded because they cannot be observed for rejected applicants, a constraint
inherent to all reject inference approaches. The dataset spans 2007-2018, encompassing
the financial crisis, Dodd-Frank Act, and CFPB establishment; we sample uniformly
across years without temporal stratification because the year variable is unavailable
for rejected applicants.

Continuous features (loan amount, DTI, FICO score) were standardized using a
StandardScaler fitted on the labeled (accepted) data only, to prevent information
leakage from the unlabeled (rejected) distribution into the scaling parameters.

Table 1 presents descriptive statistics for both datasets.

2.7 Experimental Design

All experiments use the implementation described in Section 2.3, with the LIB-
LINEAR solver (Fan et al. 2008) for ¢;-penalized logistic regression. The complete
reproducibility package, including the full experimental pipeline, preprocessing scripts,
hyperparameter configurations, and all random seeds, is available at https://github.
com/isamil/polynomial-cem-credit-scoring.
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2.7.1 MAR Validation

We test whether the selection mechanism satisfies the Missing at Random (MAR)
assumption by training a logistic regression to classify accepted versus rejected applica-
tions using the eight common features. A 500-iteration bootstrap procedure estimates
the AUC distribution. The Hosmer-Lemeshow goodness-of-fit test is applied.

2.7.2 Regularization Tuning

Five-fold  cross-validation on  the labeled data  evaluates A €
{0.001,0.01,0.1,0.5,1.0, 2.0, 3.0,4.0, 5.0, 7.0, 10.0}. For each fold, Xunlabeled is passed
to the fit method. We track training AUC, validation AUC, number of selected
features, the overfit metric (train AUC — validation AUC), and the coefficient vectors
to identify which features are zeroed out at each regularization level.

2.7.3 Initialization Strategies

Five initialization strategies are compared: Baseline (supervised LR on labeled data),
Random (random coefficient initialization), K-means (cluster centroids for initial label
assignment), Semi-random (supervised LR with random perturbation), and Conser-
vative (all unlabeled initially assigned to the majority class). Each strategy is run 15
times with different seeds to provide reliable mean and standard deviation estimates.

2.7.4 Model Comparison

Following Anderson and Hardin (2013), who established N4 = 2,000 as the standard
labeled sample size for CEM evaluation, we sample N4 = 2,000 labeled observa-
tions (balanced classes) and Nr = 25,000 unlabeled rejected applications per run,
with a 70/30 train-test split on the labeled data. This sample size is deliberately con-
servative to test whether CEM can extract value from unlabeled data when labeled
data is scarce, the scenario where semi-supervised methods offer the greatest theo-
retical advantage. Section 2.7.5 tests generalizability at N4 = 50,000. We compare
12 classifiers: Logistic Regression, SVM, Random Forest, XGBoost, Light GBM, MLP,
SuperLearner (stacking ensemble), LogisticCEM (linear, D = 1), LogisticCEMD?2
(D = 2, A = 5.0), CEM-XGBoost, PseudoLabel-XGB, and LabelPropagation. All
models undergo hyperparameter tuning via grid search (Table 2). We conduct 25
independent runs with distinct random seeds. Performance is evaluated using accu-
racy, precision, recall, F1 score, and AUC. Statistical significance is assessed using the
Friedman test (Demsar 2006) with Nemenyi post-hoc analysis at o = 0.05.

2.7.5 Large-Sample Model Comparison

To test whether the classifier ranking generalizes beyond the small-sample setting, we
repeat the model comparison at N4 = 50,000 labeled observations (balanced classes)
with Nr = 25,000 across 10 independent runs. The 25-fold increase in labeled data
allows ensemble methods to exploit their capacity advantage. Kernel SVM is replaced
with LinearSVC (wrapped in CalibratedClassifierCV with sigmoid calibration)



due to the O(n?) complexity of kernel methods at this scale; all other models and
hyperparameters remain unchanged.

2.7.6 Ablation Study

Nine configurations isolate the contribution of each algorithmic component: (1) Base
= Logistic Regression, (2) Base+SSL = Logistic CEM (D =1, no ¢;), (3) Base+Poly
= Polynomial LR (D = 2, no SSL), (4) Base+Poly+¢; = Polynomial LR with ¢1, (5)
Base+SSL+Poly = CEM with polynomial features (no ¢1), (6) FullModel = Logistic-
CEMD2 (hard C-step), (7) SelfTraining = sklearn SelfTrainingClassifier with LR base,
(8) SoftEM = LogisticCEMD2 with soft posterior weights retaining fractional class
responsibilities instead of binarizing at 0.5, and (9) SoftEM+Linear = LogisticCEM
(D = 1) with soft assignment. Configurations 8-9 test whether the hard C-step (which
binarizes posteriors into deterministic pseudo-labels) discards discriminatory infor-
mation relative to the standard EM approach of retaining probabilistic weights. We
conduct 25 independent runs and apply Wilcoxon signed-rank tests for six pre-specified
pairwise comparisons with Bonferroni correction (aaqj = 0.05/6 = 0.0083): (i) Base
vs. Base+SSL, (ii) Base+SSL vs. FullModel, (iii) Base+SSL+Poly vs. FullModel,
(iv) SelfTraining vs. FullModel, (v) FullModel vs. SoftEM, and (vi) Base+SSL vs.
SoftEM+Linear.

2.7.7 Reject Size Sensitivity

We assess the effect of unlabeled sample size on LogisticCEMD2 under two scenarios,
each with 5 independent repeats per Ng value to quantify uncertainty. Scenario 1 fixes
N4 = 2,000 and varies Ni € {1,000; 2,000; 5,000; 10,000; 15,000; 20,000; 25,000}. Sce-
nario 2 uses the full balanced labeled dataset (N4 =~ 494,852 after random undersam-
pling of the majority class to match the minority class count; no synthetic oversampling
is applied) and varies Ny € {1,000;10,000; 100,000; 1,000,000; 2,064,314}.

3 Results
3.1 MAR Validation

The logistic regression classifier distinguishing accepted from rejected applications
achieved a bootstrap AUC of 0.943 (95% CI: 0.940-0.945) across 500 iterations
(Table 3). The Hosmer-Lemeshow test rejected model calibration (y? = 647.6,
p < 0.001), indicating poor fit in the tails despite strong discrimination. All eight fea-
tures contributed to the classification, with state risk indicators (coefficients: —1.29
to —1.24), employment length (0.57), and FICO score (—0.48) showing the largest
absolute effects.

An AUC of 0.943 confirms that the observed features are highly predictive of the
acceptance decision, constituting strong evidence of MAR violation. In the missing-
data framework of Little and Rubin (2019), MAR requires that the probability of
being observed (accepted) depends only on observed variables and not on the unob-
served outcome; the near-perfect classification of accepted versus rejected applicants
from the shared features alone implies that the selection mechanism is substantially



Table 2 Hyperparameter search grids for each classifier.

Model Parameter Values

XGBoost n_estimators 100, 200, 300
max-depth 3,5, 7
learning_rate 0.01, 0.05, 0.1
subsample 0.7, 0.8, 1.0

Logistic Regression C 0.001-10.0 (9 values)
penalty b1, Lo
LogisticCEMD2 A 0.001-10.0 (11 values)
MLP hidden_layers (50,), (100,), (50,50)
activation ReLU, tanh
alpha 0.0001, 0.001, 0.01
Random Forest n_estimators 100, 200, 300
max_depth None, 10, 20
LightGBM num_leaves 31, 50, 70
learning_rate 0.01, 0.05, 0.1
SVM (@] 0.1, 1, 10, 100
kernel linear, RBF, polynomial

Table 3 MAR validation: bootstrap
logistic regression classifying accepted
versus rejected applications (n = 500

iterations).

Metric Value
AUC (mean £+ SD) 0.943 + 0.001
AUC (95% CI) [0.940, 0.945]

Hosmer-Lemeshow x?  647.6 (p < 0.001)

non-ignorable. We therefore interpret all subsequent CEM results as characterizing
algorithm behavior under MNAR conditions. The documented MAR violation means
that CEM’s implicit assumption of ignorable selection is substantially violated, and
all semi-supervised performance metrics should be interpreted in this light. This fram-
ing (studying CEM under documented assumption violation rather than assuming
the violation away) allows us to characterize the conditions under which the method
remains practically useful despite theoretical misspecification.

3.2 Regularization Tuning

Five-fold cross-validation across 11 A values identified A = 5.0 as optimal, yielding
a validation AUC of 0.607 with 33.6 selected features out of 44 polynomial terms
(Table 4). The finer grid reveals a gradual transition: validation AUC remains flat
at approximately 0.582 for A < 1.0, rises through 0.596 at A = 3.0 and 0.599 at
A = 4.0, peaks at 0.607 at A = 5.0, then stabilizes near 0.604 for A > 7.0. The
overfit metric (training AUC — validation AUC) decreased monotonically from 0.057
at A = 0.001 to 0.031 at A = 5.0. Stronger regularization (A = 10.0) reduced the

10



Table 4 Regularization tuning: 5-fold
cross-validation results for LogisticCEMD?2 across
A values.

A Train AUC Val AUC Features Overfit

0.001 0.639 0.582 41.0 0.057
0.01 0.640 0.581 41.0 0.059
0.1 0.639 0.584 40.8 0.056
0.5 0.639 0.582 38.8 0.057
1.0 0.639 0.583 37.8 0.056
2.0 0.639 0.585 36.6 0.054
3.0 0.639 0.596 35.6 0.042
4.0 0.637 0.599 34.8 0.039
5.0 0.638 0.607 33.6 0.031
7.0 0.637 0.605 32.6 0.033
10.0 0.636 0.604 29.2 0.032
(a) AUC vs Regularization Strength (b) Feature Selection via L1 (c) Overfitting Metric
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Fig. 1 Regularization tuning results for LogisticCEMD?2 across 11 A values. Left: validation AUC
versus A showing a gradual increase peaking at A = 5.0. Center: number of selected features (out
of 44 polynomial terms) decreasing monotonically with regularization strength. Right: overfit metric
(training AUC — validation AUC) minimized at A = 5.0.

number of features to 29.2 with minimal validation AUC loss (0.604), confirming that
{1 regularization effectively controls model complexity. Training AUC remained stable
across all A values (0.636-0.640), indicating that the bias-variance tradeoff primarily
affects generalization.

Figure 1 visualizes the relationship between regularization strength and model
performance. The three panels show that validation AUC exhibits a sharp increase
at A = 5.0, the number of selected features decreases monotonically with increasing
A, and the overfit metric (training — validation AUC) reaches its minimum at the
optimal regularization level.

3.3 Initialization Analysis

Among five initialization strategies evaluated across 15 repeats each, Semi-random
and Baseline achieved the highest mean AUC values (0.606 4 0.024 and 0.605 £ 0.024,
respectively), with both strategies typically reaching the maximum iteration limit
(Table 5). Random initialization converged faster (26.7 £ 11.6 iterations) but to
inferior solutions (AUC = 0.527 4+ 0.035). K-means produced intermediate results
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Table 5 Initialization strategy comparison (15 repeats per
strategy, mean =+ std).

Strategy AUC Final LL  Iterations Time (s)
Semi-random  0.606+.024 —2,867 49.243.0 61.4
Baseline 0.605+.024 —2,864 46.1+£8.5 68.0
K-means 0.5704.024 —2,591 40.54+10.0 90.6
Random 0.527%.035 —6,058 26.7+11.6 1.1
Conservative  0.5254.018 —2,655 49.74+1.0 62.3

(AUC = 0.570 + 0.024), while Conservative initialization performed worst (AUC
= 0.525 £ 0.018) despite achieving the lowest final log-likelihood (—2,655), suggesting
convergence to a local optimum that assigns most unlabeled data to one class. The
variability across initializations (mean AUC range: 0.525-0.606) indicates sensitivity
to starting conditions, consistent with the non-convexity of the CEM objective (see
also Figure B3 in Appendix B).

3.4 Model Comparison

Table 6 presents the mean performance across 25 runs for all 12 classifiers. The
Friedman test rejected the null hypothesis of equal performance for all metrics: AUC
(x? =193.4, p < 0.001), accuracy (x? = 148.0, p < 0.001), F1 (x? = 175.2, p < 0.001),
and recall (x* = 162.4, p < 0.001). The Nemenyi critical difference at o = 0.05 was
CD = 3.33.

Logistic Regression achieved the highest AUC (0.633, mean rank 1.60), followed by
SuperLearner (0.628, rank 2.40) and SVM (0.620, rank 3.92). LogisticCEMD2 ranked
sixth in AUC (0.602, rank 6.64) but fourth in F1 (0.608, rank 4.84) and fifth in recall
(0.656, rank 4.98). The linear LogisticCEM achieved the highest recall (0.830, rank
1.08) but the lowest precision (0.534, rank 11.20), indicating aggressive classification
toward the default class.

Among semi-supervised methods, LogisticCEMD2 outperformed LogisticCEM in
AUC by 0.033 and outperformed LabelPropagation by 0.048. PseudoLabel-XGB (AUC
0.601) performed comparably to LogisticCEMD2, while CEM-XGBoost (0.593) and
LabelPropagation (0.554) performed worse.

Brier scores (Table 6) reveal a calibration hierarchy distinct from the discrimination
ranking. Logistic Regression achieved the lowest Brier score (0.236), closely followed by
SuperLearner (0.237) and SVM (0.239). The CEM-based methods exhibited substan-
tially worse calibration: LogisticCEMD2 (0.304) and CEM-XGBoost (0.303) scored
over 28% higher (worse) than the supervised baseline, while LogisticCEM (0.325)
exhibited the worst calibration among all 12 classifiers. This calibration gap is a con-
sequence of the hard C-step, which assigns deterministic pseudo-labels and distorts
the predicted probability distribution; the ablation study (Section 3.6) confirms that
replacing hard assignment with soft posterior weights eliminates this miscalibration.
Figure 2 presents the distribution of AUC scores across all 25 runs.
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Table 6 Model comparison across 25 independent runs (N4 = 2,000, Ng = 25,000).
Models ranked by mean AUC. Brier score measures calibration (lower is better). Friedman
test: x2 = 193.4, p < 0.001; Nemenyi CD = 3.33.

Model AUC Rank Fi Recall Precision Brier

Logistic Regression 0.633+.025 1.60 0.6124.024 0.634£.034 0.592+.021 0.236£.005
SuperLearner 0.6284+.024 2.40 0.606%.023 0.6241+.032 0.5894.024 0.237£.005
SVM 0.620%.027 3.92 0.601£.020 0.621+.029 0.5844.029 0.239+.005
Random Forest 0.6151.025 4.44 0.5884.019 0.597+.026 0.5804.024 0.241£.006
MLP 0.6051+.027 6.28 0.583%.027 0.5961+.040 0.5714.025 0.252+.008
LogisticCEMD2 0.602+.027 6.64 0.608+.032 0.656+.080 0.5731+.030 0.3044.013
XGBoost 0.6021.025 6.80 0.5764.018 0.583%+.023 0.5694.021 0.252+.008

PseudoLabel-XGB  0.601£.024 6.96 0.575£.019 0.582+.027 0.5694.020 0.2564.007
CEM-XGBoost 0.5931+.022 8.04 0.603%.034 0.6451+.077 0.5704-.026 0.303+.012
Light GBM 0.586+.024 9.32 0.5654.021 0.5694.029 0.5614-.019 0.267£.010
LogisticCEM 0.5694.029 10.04 0.6484+.022 0.830%.072 0.5344.015 0.325+.010
LabelPropagation  0.554+.025 11.56 0.5504.019 0.559+.026 0.542+.019 0.279+.011

AUC Distribution Across 25 Runs
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Fig. 2 Distribution of AUC scores across 25 independent runs for all 12 classifiers. Box plots show
median, interquartile range, and outliers. Logistic Regression achieves the highest median AUC,
while LogisticCEMD?2 shows moderate variability consistent with the stochastic nature of the CEM
procedure.

3.5 Large-Sample Model Comparison

To assess whether the classifier ranking changes at larger sample sizes, we repeated
the model comparison at N4 = 50,000 with Nz = 25,000 across 10 independent runs.
SVM was replaced with LinearSVC (wrapped in CalibratedClassifierCV) due to
the O(n?) complexity of kernel SVM at this scale. Table 7 presents the results.

At N4 = 50,000, the classifier ranking shifts substantially compared to the small-
sample setting (N4 = 2,000). Ensemble methods (SuperLearner, AUC = 0.646;
XGBoost, 0.644; RandomForest, 0.643) now occupy the top positions, while Logis-
ticCEMD2 (0.620) and LogisticCEM (0.608) fall to 9th and 10th place, respectively.
This contrasts with the small-sample results (Table 6) where LogisticCEMD2 (AUC
= 0.602) ranked 6th of 12 classifiers. The AUC gap between the top-ranked model
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Table 7 Large-sample model comparison across 10 independent runs
(Na = 50,000, Ng = 25,000). Models ranked by mean AUC. Brier score
measures calibration (lower is better).

Model AUC F1 Recall Precision Brier

SuperLearner  0.6461.004 0.611£.005 0.623+.007 0.600+.005 0.233%.001
XGBoost 0.6444.004 0.609£.004 0.619£.007 0.5994.004 0.234+.001
RandomForest  0.643£.004 0.6094.005 0.622+.009 0.597£.005 0.2344.001
MLP 0.6431.004 0.608+.016 0.6214.039 0.5971.007 0.234+.001
Light GBM 0.641£.004 0.607%.004 0.617%+.007 0.5971+.004 0.2354+.001
LogReg 0.639£.005 0.611%.005 0.630%+.006 0.593%+.005 0.2354+.001
LinearSVC 0.6394.005 0.611£.005 0.6304.006 0.5924.005 0.235+.001

CEM-XGBoost 0.635+.005 0.619£.006 0.6504.013 0.5924.005 0.240+.001
LogisticCEMD2 0.620£.004 0.6264-.003 0.688%+.005 0.575+.005 0.2484.002
LogisticCEM 0.6084.005 0.6271+.004 0.708+.005 0.5634-.004 0.256+.002

and LogisticCEMD2 narrowed from 0.031 at N4 = 2,000 (Logistic Regression: 0.633)
to 0.026 at N4 = 50,000 (SuperLearner: 0.646), while absolute AUC levels improved
for all models. The calibration hierarchy persists at the larger sample size: super-
vised methods achieve Brier scores of 0.233-0.235, while the CEM variants exhibit
worse calibration (LogisticCEMD2: 0.248, LogisticCEM: 0.256), consistent with the
hard C-step miscalibration documented in the ablation study. CEM-XGBoost (0.240)
occupies an intermediate position, suggesting that the tree-based component par-
tially compensates for pseudo-label noise. The CEM variants retain the highest
recall values (LogisticCEM: 0.708, LogisticCEMD2: 0.688) and F1 scores, confirming
that the semi-supervised component consistently shifts the decision boundary toward
higher sensitivity at the expense of precision. This recall advantage persists even as
discrimination (AUC) falls behind ensemble methods.

3.6 Ablation Study

The ablation study (Table 8) reveals that individual components contribute asym-
metrically to performance. Adding the semi-supervised CEM component alone with
hard label assignment (Base+SSL) reduced AUC from 0.633 to 0.618 (Wilcoxon
W = 20.0, Bonferroni-corrected p < 0.001), confirming that hard pseudo-label
propagation without regularization degrades discrimination. Polynomial features with-
out SSL (Base+Poly) maintained AUC at 0.628, while adding ¢; regularization
(Base+Poly+¢;) yielded 0.630 with improved precision.

The FullModel with hard C-step (AUC = 0.606) outperformed Base+SSL+Poly
(0.592; W = 33.0, Bonferroni-corrected p = 0.001) but fell below both the CEM-only
model (Base+SSL, 0.618) and the supervised Base (0.633). SelfTraining achieved AUC
0.623 and significantly outperformed the FullModel (W = 25.0, Bonferroni-corrected
p < 0.001).

The soft EM variants, which retain fractional posterior weights instead of bina-
rizing at 0.5, produced the most informative result: SoftEM (AUC = 0.633) matched
the supervised Base and significantly outperformed the hard FullModel (W = 1.0,
Bonferroni-corrected p < 0.001). SoftEM+Linear (AUC = 0.633) similarly outper-
formed its hard counterpart Base+SSL (W = 19.0, Bonferroni-corrected p < 0.001).

14



Table 8 Ablation study results (25 independent runs). Brier score measures calibration (lower is better).
Wilcoxon signed-rank tests with Bonferroni correction (aaq; = 0.0083) compare six pre-specified pairs.

Configuration AUC Accuracy F1 Recall KS Brier

Base (LogReg) 0.633£.025 0.598+.023 0.6121+.024 0.6341+.034 0.2204.042 0.2364.005
Base+SSL 0.618%+.033 0.5854.025 0.6274.019 0.699+.037 0.200£.048 0.320+.014
Base+Poly 0.628+.023 0.5924.022 0.6034.021 0.618+.029 0.214£.041 0.239+.005
Base4Poly+£; 0.630%.023 0.5934.023 0.6124.023 0.641£.036 0.217£.039 0.237+.005
Base+SSL+Poly 0.5924+.022 0.5714.019 0.5864.018 0.606+£.027 0.169£.038 0.321+.016
FullModel (hard) 0.606£.026 0.581£.027 0.5984+.028 0.625+.050 0.1904.046 0.3024.013
SelfTraining 0.6231+.029 0.5874.023 0.6254+.019 0.688+.029 0.203£.042 0.314+.013
SoftEM 0.6331+.024 0.596+.024 0.608+.025 0.6294.037 0.221£.045 0.236+.005
SoftEM+Linear 0.6331+.025 0.598+.023 0.6124.024 0.634+.034 0.219£.042 0.236+.005

Wilcozon signed-rank tests (AUC, Bonferroni-corrected):
Base vs. Base+SSL = 20.0, pcorr < 0.001
Base+SSL vs. FullModel 71.0, peorr = 0.075 (n.s.)
Base+SSL+Poly vs. FullModel 33.0, peorr = 0.001
SelfTraining vs. FullModel 25.0, peorr < 0.001
FullModel vs. SoftEM 1.0, pcorr < 0.001
Base+SSL vs. SoftEM+Linear 19.0, pcorr < 0.001

EEEEEE

The Brier score differences are particularly revealing: Soft EM achieved 0.236, matching
the supervised Base (0.236), while the hard FullModel scored 0.302. On a represen-
tative split, the Hosmer-Lemeshow goodness-of-fit test failed to reject calibration for
SoftEM (x? = 13.94, p = 0.083) but rejected it decisively for the hard FullModel
(x? = 4,365, p < 0.001). Figure 5 presents the calibration curves (reliability dia-
grams). These results demonstrate that the discrimination loss previously attributed
to the semi-supervised component was caused by the hard C-step binarization, not by
the CEM framework itself. When posteriors are retained as continuous weights, the
semi-supervised model recovers both discrimination and calibration.

Figure B4 in Appendix B visualizes the ablation results across all nine configura-
tions.

3.7 Reject Size Sensitivity

In Scenario 1 (N4 = 2,000), AUC showed a slight declining trend across unlabeled
sample sizes, from 0.635 £ 0.024 (Nr = 1,000) to 0.620 £ 0.020 (Nr = 25,000) across
5 repeats per condition (Table 9, Figure 3). The decline is modest relative to the
within-condition variability, indicating that the model tolerates moderate volumes of
unlabeled data without substantial degradation.

In Scenario 2 (Table 9, Figure 4), where the labeled sample was expanded to N4 =
494,852 (after undersampling the majority class to balance), AUC remained stable at
approximately 0.645 for Ny < 10,000, then declined to 0.631 + 0.001 at Nz = 100,000
and 0.602 £+ 0.003 at Np = 1,000,000 (Table 9). At Ng = 2,064,314 (the full rejected
dataset), AUC recovered slightly to 0.607 £+ 0.001, suggesting a partial stabilization
when all available unlabeled data is included. The sharpest decline occurred when
Npg exceeded N4 by approximately a factor of two. The small standard deviations in
Scenario 2 (< 0.003) relative to Scenario 1 (> 0.017) reflect the much larger labeled
sample providing a more stable training anchor. The overall degradation pattern is
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Table 9 Reject size sensitivity: AUC of LogisticCEMD?2 as a
function of unlabeled sample size N (mean =+ std over 5 repeats).

Ngr Scenario 1 (N4 = 2,000) Scenario 2 (N = 494,852)
1,000 0.635 + 0.024 0.645 + 0.001
2,000 0.630 + 0.024 -

5,000 0.625 + 0.027 -
10,000 0.623 + 0.026 0.644 + 0.001
15,000 0.622 + 0.017 -
20,000 0.621 + 0.020 -
25,000 0.620 + 0.020 -
100,000 - 0.631 + 0.001
1,000,000 - 0.602 + 0.003
2,064,314 - 0.607 + 0.001

AUC vs Reject Size: Scenario 1 (NA=2,000, 5 repeats)
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Fig. 3 Scenario 1: AUC of LogisticCEMD?2 as a function of unlabeled sample size N with fixed
N4 = 2,000. AUC exhibits a slight declining trend from 0.635 (Ng = 1,000) to 0.620 (N = 25,000),
though within-condition variability (error bands) substantially overlaps across all settings.

consistent with label noise accumulation: as more unlabeled samples receive pseudo-
labels through the CEM process, errors in the C-step propagate through subsequent
EM iterations, progressively biasing the model.

4 Discussion

The central finding of this study is that the LendingClub selection mechanism is
strongly non-random, with near-perfect classification of accepted versus rejected
applicants from the shared features alone, establishing that the Missing at Ran-
dom assumption underlying CEM-based reject inference is substantially violated.
All subsequent results must therefore be interpreted as characterizing CEM behav-
ior under MNAR conditions rather than validating CEM as a principled correction
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AUC vs Reject Size: Scenario 2 (Full Balanced)
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Fig. 4 Scenario 2: AUC of LogisticCEMD2 with full balanced labeled dataset (N4 ~ 494,852 after
undersampling). AUC declines as Np increases, with the sharpest drop when Ng exceeds N4 by a
factor of two, and a slight recovery at the full rejected population.

for selection bias. Under these conditions, supervised methods consistently outper-
formed semi-supervised approaches in overall discrimination across 25 independent
runs, while LogisticCEMD2 exhibited a distinctive advantage in default detection
sensitivity. The ablation study revealed an asymmetric contribution pattern: polyno-
mial feature expansion and ¢ regularization preserved classification performance near
the supervised baseline, whereas the semi-supervised CEM component alone reduced
discrimination while substantially increasing recall.

These findings contribute to a longstanding question in credit scoring: whether
incorporating rejected applicants improves predictive models. Lessmann et al. (2015)
benchmarked 41 classifiers across multiple credit datasets and concluded that no single
algorithm dominates universally. Our results corroborate this conclusion in the spe-
cific context of P2P lending with reject inference, while extending the comparison to
include semi-supervised methods evaluated with formal Friedman and Nemenyi statis-
tical tests against supervised baselines on a dataset of over three million applications.
Baesens et al. (2003) similarly documented the competitive performance of logistic
regression across diverse credit scoring contexts, a pattern that persists here despite
the availability of more flexible alternatives such as gradient boosting and neural net-
works. Anderson and Hardin (2013) demonstrated that linear logistic CEM improved
credit scoring on simulated data where the labeled-to-unlabeled ratio was moderate.
Our analysis extends their work to real-world LendingClub data two orders of magni-
tude larger and reveals a boundary condition their simulations could not capture: at
an extreme acceptance rate (8%), the linear CEM achieves the highest recall among
all classifiers but at the cost of the lowest precision, producing an aggressive default
classifier. The polynomial extension partially corrects this recall-precision imbalance
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Calibration Curves (Reliability Diagram)
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Fig. 5 Calibration curves (reliability diagrams) for key models on a representative split. SoftEM
and Logistic Regression track the perfect calibration diagonal, whereas the hard LogisticCEMD2 and
LogisticCEM exhibit systematic miscalibration from the deterministic pseudo-label assignment. The

Predicted Probability

lower panel shows the distribution of predicted probabilities.

by capturing pairwise feature interactions (approximately three-quarters of the 44
polynomial features survived ¢; selection) that a linear boundary cannot represent.
That supervised logistic regression achieved the highest discrimination among
classifiers using the hard C-step warrants examination, because it contradicts expec-
tations from the semi-supervised learning literature. Li et al. (2017) demonstrated
semi-supervised SVM gains for reject inference on P2P lending data, and the general
SSL framework predicts improvement when unlabeled data reveals cluster structure
aligned with class boundaries (Chapelle et al. 2006). Our ablation results identify a
specific mechanism for the divergence: the hard C-step assigns deterministic pseudo-
labels by binarizing posterior probabilities at 0.5. When the model is trained on a
small, potentially unrepresentative labeled sample drawn from a strongly non-random
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selection process, early pseudo-labels may reinforce rather than correct the initial
model’s biases. Each subsequent EM iteration compounds these errors, progressively
degrading both discrimination and calibration.

The soft EM comparison (Table 8) isolates this mechanism empirically. Replac-
ing the hard C-step with fractional posterior weights eliminates the discrimination
penalty entirely: SoftEM matches the supervised baseline in both AUC (0.633) and
Brier score (0.236), while the hard FullModel achieves only 0.606 and 0.302, respec-
tively. The Hosmer-Lemeshow test confirms the calibration difference: SoftEM passes
(x? = 13.94, p = 0.083) while the hard variant fails (x*> = 4,365, p < 0.001). A nat-
ural question is whether SoftEM achieves this match by effectively neutralizing the
unlabeled contribution, recovering the supervised solution rather than incorporating
information from rejected applicants. To investigate, we compared the fitted coefficient
vectors of Base and SoftEM on a representative run (seed = 42). The two vectors are
highly similar: Pearson correlation r = 0.950, cosine similarity 0.945, and ¢ distance
0.18. By contrast, the hard FullModel diverges from the supervised baseline (r = 0.137,
cosine similarity 0.132, ¢, distance 4.33). SoftEM retained 13 non-zero coefficients (of
44 polynomial features) compared to 20 for Base and 30 for the hard variant. These
results confirm that under strong MAR violation, the soft posterior weights down-
weight the unlabeled observations to near-zero effective influence, and the SoftEM
solution converges to the supervised fit. SoftEM “works” not because it successfully
extracts information from rejected applicants, but because it avoids contaminating the
supervised signal. This is a weaker claim than successful semi-supervised learning, yet
a practically useful one: SoftEM provides a safe default that preserves discrimination
and calibration regardless of whether the unlabeled data distribution is informative.
This finding aligns with the classical EM literature (Dempster et al. 1977), where
the E-step retains the full posterior distribution precisely to avoid the information
loss that hard assignment introduces. El Annas et al. (2023), who applied Hidden
Markov Models for semi-supervised credit scoring on LendingClub data, reported dis-
crimination values for semi-supervised approaches in a comparable range, suggesting
that hard label assignment limitations extend beyond CEM to other semi-supervised
frameworks under strong MAR violation.

Sensitivity analyses yielded two additional findings with practical relevance. Under
small labeled samples, LogisticCEMD2 exhibited a slight declining trend in AUC
(0.635 to 0.620) across a 25-fold range of unlabeled data volumes, though within-
condition variability was large relative to this decline, indicating that moderate
amounts of rejected applicant data can be incorporated without substantial degrada-
tion. Under large labeled samples, however, discrimination declined by more than four
AUC percentage points as the unlabeled sample grew from one thousand to one million
observations, with a partial recovery when the full rejected population was included.
This pattern aligns with theoretical expectations: as the number of pseudo-labeled
observations grows relative to the labeled anchor, the CEM objective increasingly
reflects the pseudo-label distribution rather than the true outcome distribution. The
initialization analysis confirmed the non-convexity of the CEM objective function, with
AUC ranging from 0.525 to 0.606 across five initialization strategies. Supervised warm-
starting consistently reached higher-quality solutions than data-driven alternatives
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such as K-means clustering, consistent with Celeux and Govaert’s (1992) observation
that CEM behavior depends critically on the initial partition.

The relationship between CEM and econometric approaches to sample selection
deserves comment. Heckman’s (1979) two-stage correction is the classical economet-
ric solution: a probit selection equation estimates the probability of acceptance, and
the inverse Mills ratio from this equation is included as a covariate in the outcome
equation to correct for selection bias. However, Heckman correction requires an exclu-
sion restriction, at least one variable that affects the selection decision but not the
outcome (Puhani 2000). In credit scoring, this restriction is rarely available because the
same features (FICO score, DTI, loan amount) simultaneously drive both acceptance
decisions and default outcomes (Banasik et al. 2003). CEM avoids the exclusion restric-
tion by treating rejected applicants as unlabeled rather than as a selection-corrected
subsample, but introduces the MAR assumption instead. Our results demonstrate
that under strong MAR violation, CEM’s practical contribution is limited to recall
improvement rather than bias correction, a finding consistent with Manski’s (1989)
observation that without strong assumptions about the selection process, identification
of the outcome distribution for the unselected population is fundamentally limited.

To illustrate the economic implications, consider a portfolio of 1,000 applica-
tions at the observed 20% default rate. The hard LogisticCEMD2’s recall advantage
over logistic regression translates to approximately 4 additional detected defaults per
1,000 applications. At the mean loan amount in the dataset ($14,600; Table 1) and
assuming 85% loss-given-default, a standard estimate for unsecured consumer loans
(Thomas 2000), each missed default costs approximately $12,400, yielding a poten-
tial loss reduction of roughly $50,000 per 1,000 applications. However, we note that
Expected Maximum Profit (EMP) (Verbraken et al. 2014) values are negative across
all models (Table 6), indicating that at this sample size and feature set, no classifier
achieves positive economic profit under the Verbraken cost framework. This reflects
the constrained feature set (8 variables) and the strong MAR violation rather than a
deficiency of any individual model. The SoftEM variant provides a stronger economic
proposition: it matches the supervised baseline in discrimination while retaining the
CEM framework’s ability to incorporate rejected applicant information, offering a path
toward improved profit once richer feature sets become available for both accepted and
rejected populations. The relative economic value depends on the institution’s cost
structure: when the cost of undetected defaults substantially exceeds the cost of false
declines, the CEM framework’s sensitivity advantage may compensate, particularly
when using soft rather than hard label assignment.

For credit risk practitioners, these results suggest two recommendations. First,
the soft EM variant should be preferred over the hard C-step: it matches supervised
discrimination and calibration while retaining the ability to incorporate unlabeled
rejected applicant data, and requires no additional tuning parameters. Second, the
hard C-step variant remains useful when false negatives (undetected defaults) carry
substantially higher costs than false positives (denied creditworthy borrowers), as it
shifts the precision-recall trade-off toward sensitivity (Verbraken et al. 2014; Hand
2009). In both cases, practitioners should warm-start the algorithm from a super-
vised fit, control the unlabeled-to-labeled ratio below approximately 50:1, and select
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the regularization penalty via cross-validation with unlabeled data properly passed
to the training procedure. The polynomial features and ¢; regularization improve
performance regardless of the label assignment strategy, making them independently
valuable for credit scoring with interaction effects.

This study has limitations that affect interpretation. The feature set is restricted to
eight variables common to both datasets, discarding 142 features available for accepted
loans only; this constraint is inherent to reject inference and systematically underesti-
mates all models’ discriminative potential, meaning that absolute performance values
reported here are lower bounds; however, because the feature restriction affects all
classifiers equally, relative comparisons and ranking conclusions remain valid even if
absolute performance would improve with richer feature sets. The dataset spans 2007—
2018, encompassing the financial crisis, Dodd-Frank Act, and CFPB establishment.
Temporal non-stationarity in default rates and acceptance criteria likely biases our
evaluation toward underestimating within-regime performance, because pooling across
heterogeneous periods introduces distributional shift between training and test data.
We use random rather than temporal splitting because the year variable is unavail-
able for rejected applicants, precluding temporal stratification that would maintain
the reject inference framework. This design ensures each fold contains observations
from across the full time span, though it does not simulate prospective deployment.
A temporal split (training on pre-2015 data, testing on 2015-2018) would better
evaluate real-world deployment but would require either discarding reject inference
entirely or imputing temporal information for rejected applicants; this remains an
important direction for future work. Generalizability to other platforms or macroe-
conomic conditions is untested; LendingClub’s extremely low acceptance rate (8%)
likely produces stronger MAR violations than platforms with more permissive lend-
ing policies, which would bias our results toward underestimating CEM’s utility in
settings where selection is less extreme. The algorithmic framework itself makes no
platform-specific assumptions, and LendingClub is the largest publicly available P2P
lending dataset, making it the natural benchmark for reject inference methods. As
documented in Section 3.1, the strongly non-random selection mechanism means that
all CEM results reflect behavior under MNAR conditions; the semi-supervised com-
ponent’s contribution would likely differ in settings where MAR approximately holds.
The labeled samples in the model comparison and ablation experiments (N4 = 2,000)
are smaller than what would be available in production. Our large-sample replication
(Section 3.5, N4 = 50,000) confirmed that the classifier ranking indeed shifts: ensem-
ble methods (SuperLearner, XGBoost, RandomForest) rose to the top positions, while
LogisticCEMD?2 fell to 9th of 10 models by AUC. However, the CEM variants retained
the highest recall values (LogisticCEM: 0.708, LogisticCEMD2: 0.688), indicating that
the semi-supervised recall advantage persists even when overall discrimination favors
ensemble methods.

LogisticCEMD2 extends the Classification EM framework with polynomial fea-
tures and ¢; regularization for reject inference in credit scoring. On LendingClub data
where the selection mechanism is strongly non-random, the hard C-step variant trades
discrimination for sensitivity, while the soft EM variant preserves both discrimination
and calibration at the level of the supervised baseline. The soft assignment approach
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eliminates the primary limitation of the original CEM formulation and should be
preferred in practice. Evaluation on additional lending platforms, under alternative
semi-supervised paradigms such as consistency regularization or co-training, with
explicit Missing Not at Random correction methods, and under temporal validation
protocols would clarify the conditions under which reject inference reliably improves
credit scoring beyond supervised approaches.

Data Availability

The LendingClub dataset is publicly available on Kaggle (https://www.kaggle.com/
wordsforthewise/lending-club). The complete reproducibility package, including the
LogisticCEMD?2 implementation, all baseline model configurations, the full experi-
mental pipeline (preprocessing, splitting, evaluation), hyperparameter grids, random
seeds, and scripts to reproduce every table and figure, is available at https://github.
com/isamil/polynomial-cem-credit-scoring.
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Appendix A Derivation of the Discriminative
Log-Likelihood

Starting from the complete-data log-likelihood in the mixture model framework:

n M

LLe =YY" zimlog[mmp(xi | 0m)] .
i=1 m=1
Applying Bayes’ theorem: 7, p(X; | 0.n) = P(Py, | x;) - p(x;). Substituting:
n M n
LLe=%" 3" zimlog P(Py | x:) + Y logp(xi),
i=1 m=1 i=1

where the second term is constant with respect to 8 and can be ignored during
optimization. The first term is the discriminative log-likelihood used in Eq. (1).

Appendix B Supplementary Tables and Figures
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ACCURACY Distribution Across 25 Runs
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Fig. B1 Distribution of accuracy scores across 25 independent runs for all 12 classifiers. Friedman
test: x2 = 148.0, p < 0.001.

F1 Distribution Across 25 Runs
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Fig. B2 Distribution of F1 scores across 25 independent runs for all 12 classifiers. LogisticCEM
achieves the highest median F1 driven by high recall, while LogisticCEMD?2 ranks fourth. Friedman
test: x2 = 175.2, p < 0.001.
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Initialization Strategy Comparison (15 Repeats)
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Fig. B3 Initialization strategy comparison showing AUC and final log-likelihood for five strategies
across 15 repeats each. Semi-random and Baseline consistently achieve the highest AUC values, while
Conservative initialization converges to poor local optima.

Ablation Study: Component Contribution (25 Runs)
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Fig. B4 Ablation study results across 25 independent runs for nine model configurations. The Base
logistic regression and SoftEM variants achieve the highest AUC, while the hard SSL component
alone (Base+SSL) reduces AUC but increases recall. The SoftEM variant recovers full discrimination
by retaining fractional posterior weights instead of binarizing at 0.5.
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