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Abstract- Corporate financial difficulties and defaults are costly occurrences that affect the 

firm, its investors, and the economy as a whole. In this paper, we design the Hybrid Predictive 

Analytics Framework (HPAF) to predict corporate financial risks by leveraging three different 

machine learning techniques, specifically, XGBoost with SHAP (SHapley Additive 

exPlanations) for credit scoring, Temporal Convolutional Network (TCN) with attention to 

model time sequence in quarterly financial statements, and Bayesian structural time series for 

macroeconomic sensitivities. Applying the HPAF to our benchmarking sample of 5,820 US 

public firms (from 2015 to 2025) which includes 412 firm-year default cases, HPAF scores higher 

AUC (0.932), lower Type I errors (12.4%), and lower Type II errors (9.7%) than Altman Z-score 

(AUC = 0.781), Merton structure models (AUC = 0.802), and even XGBoost alone (AUC = 

0.871). On average, we can give warnings six quarters in advance before default occurs. 

 

Keywords- Predictive Analytics, Financial Risk, Default Prediction, Xgboost, Temporal 

Convolutional Network, Bayesian Structural Time Series, Credit Risk, Stress Testing. 

 

I.  Introduction  

 
Financial risk associated with corporations is one of the most important areas of 

predictive analytics since it involves the likelihood of a company suffering from 

financial distress, failing to honour its commitments, or declaring bankruptcy. Financial 

risk assessment affects lenders by dictating terms such as interest rates, security needs, 

and provision for losses expected. Investors use financial risk assessment for portfolio 

allocation and balancing risk parity. Regulators also benefit through financial risk 

assessment to conduct stress tests and monitor the level of systemic risk in the economy. 

In 2023 alone, the costs incurred globally due to corporate defaults totalled more than 

$120 billion [1]. 
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The traditional method of corporate default prediction was established by the Z-score 

method of Altman (1968). Despite its remarkable robustness, there have been several 

shortcomings observed for this model; they are mainly due to the assumptions made of 

linearity, lack of temporal dynamics, and inability to adjust according to the accounting 

practices [2]. Some of the other models that followed include the structural model of 

Merton (1974), which treats the stockholders' equity as a call option on the value of 

assets, and the intensity process model of reduced form where the default is treated as 

an intensity process. Nevertheless, both these models were formulated during the age 

of quarterly reporting periods. 

 

The dramatic increase in computational power and data availability during the last ten 

years has made the transition toward risk assessment using machine learning possible. 

Random forests, gradient boosting algorithms, and neural networks have always 

produced superior results in out-of-sample validation compared to traditional methods 

[3]. However, there are three major issues that need to be addressed.  

 First, interpretability: regulators and risk officers are wary about using a “black 

box” model that fails to provide an explanation for why a particular company got 

assigned a high-risk classification.  

 Second, temporal dependency: the vast majority of machine learning models 

ignore temporal dependencies between sequential quarterly observations and 

assume that financial stress develops gradually across several quarters.  

 Finally, sensitivity to macroeconomic changes: an algorithm designed for low-

interest-rate periods will perform disastrously when interest rates rise dramatically, 

as happened in 2022-2023. 

 

The deficiencies in current studies are bridged by introducing a hybrid predictive 

analytics framework consisting of three contributions:  

 An XGboost model incorporating SHAP values to achieve complete 

interpretability of each feature's importance 

 A Temporal Convolutional Network (TCN) with causal dilated convolutions to 

identify multi-quarter sequential patterns 

 A Bayesian structural time series model that takes into account macro-economic 

factors, such as GDP growth rate, interest rates, and credit spreads.  

 

All three models are combined through an ensemble meta-learning algorithm (logistic 

regression). This paper focuses on predicting a company's financial condition at least 

four to eight quarters ahead of time, allowing management to intervene prior to a 

potential default event rather than relying only on ex-post analyses. 

 

The rest of this paper is structured as follows: Section II reviews relevant literature on 

corporate default forecasting. Section III describes the proposed hybrid framework and 

associated algorithms. Section IV reports quantitative results through four figures and 

several tables. Section V concludes the study. 
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II. Literature Survey  
 

Over 60 years of history, there has been extensive research into corporate default 

prediction, from early univariate ratios to structural models, reduced form models, and 

modern ensemble machine learning techniques. 

 

Statistical Methods: Altman's Z-scores, based on multiple discriminant analysis of 66 

manufacturing firms (33 bankrupt and 33 non-bankrupt), were successful with 95% 

accuracy in predicting bankruptcy in the training sample but had only 70-80% success 

out of sample when applied to firms outside of manufacturing or other points in time 

[2]. Ohlson’s model (1980) applied logistic regression with nine accounting ratios to 

establish the benchmark approach to the conditional probability of default. Bellotti & 

Crook conducted a meta-analysis in 2021 of logistic regression vs. more sophisticated 

methods using 15 years of UK companies’ financial data and showed that while the 

former performed well for predictions one year forward (AUC ≈ 0.85), it was less 

effective further out [4]. 

 

Structural and Reduced-Form Models: The structural approach proposed by Merton in 

1974 utilizes stock price and balance sheet data to determine the company’s asset value 

and volatility. A company defaults if its asset value is less than its liabilities at the 

maturity date. This methodology is theoretically solid but fails to deliver results for 

private companies with no stock prices and periods of market distress with volatile 

stock prices [5]. According to a paper by Chen et al. (2022), the AUC score of the 

Merton model dropped from 0.85 to 0.71 owing to market dislocations caused by 

COVID-19's market volatility [6]. 

 

Machine Learning Methods: In the 2010s, random forest algorithms and gradient 

boosting models were widely employed for credit scoring applications. XGBoost by 

Chen and Guestrin (2016) was considered the standard in credit risk because it could 

account for missing values, regularization, and interactions between features. A 

comprehensive benchmark by Dumitrescu et al. (2023) tested the performance of 

XGBoost, LightGBM, CatBoost, and deep neural networks on the sample of 2.2 million 

firm-year observations of European companies [3]. XGBoost had the best AUC score 

(0.914) out of all the tree-based models, with the worst performance of deep learning 

(AUC=0.903). 

 

Temporal and Sequential Models: Understanding that default involves a temporal 

component, some studies employed recurrent neural networks (LSTM, GRU) models 

to predict using a sequence of quarterly financial statements. In a 2024 paper, Kim and 

Lee applied a two-layer LSTM with 16 quarterly lags and predicted the defaults of 

Korean firms; they obtained an impressive AUC score of 0.928, significantly 

outperforming XGBoost [7]. Yet, LSTMs entail high computational costs and require 

extensive fine-tuning of hyperparameters. A recent development, Temporal 

Convolutional Networks (TCN), offers computational efficiency, allows for 

parallelization, and provides longer effective memory lengths [8]. This paper is the first 

work employing causal attention-based TCNs for predicting corporate default. 
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Explainability in Credit Risks: Due to the right to explanations under GDPR regulations 

and guidance issued by the Basel Committee, model explainability has become 

compulsory for regulated financial companies. SHAP (SHapley Additive exPlanation) 

offers a theoretical approach to explaining predictions according to each feature’s 

contribution [9]. According to a 2025 paper published by Mueller and Schmidt, 

XGBoost + SHAP was able to reduce model rejections by risk officers by 57%, while 

the accuracy remained unchanged compared to black-box neural networks [10]. 

 

Research Gap: There is no existing framework that integrates both (a) explainable 

modeling using tree-based methods and SHAP; (b) temporal modeling using TCN; (c) 

macroeconomic sensitivity using Bayesian structural time series model; and (d) an 

ensemble meta-learner. The previous research approaches have either traded off 

between accuracy versus explanation power (LSTM alone), neglected the effect of 

macroeconomics (typical machine learning models), or overlooked temporal 

relationships (XGBoost on single-period basis). 

 

III. Methodology 
The HPAF framework consists of four stages:  

 Data collection and feature engineering from financial statements, market data, and 

macro-economic indicators 

 Base model training (xgboost+shap, tcn, bsts) 

 Ensemble via logistic regression meta-learner 

 Early warning system with dynamic thresholds. 

  

 
Figure 1: HPAF Framework Architecture 

 

The architecture takes input in the form of three types of variables. The financial 

statement variable is obtained from SEC EDGAR (annual 10-K and quarterly 10-Q 

reports). It contains 42 raw financial variables (assets, liabilities, revenues, cash flow, 

and others) that are converted to 56 ratios (such as liquidity, leverage, profitability, 

efficiency, and solvency). Market variables contain daily return, volatility (30-day 



 

 

International Journal for Research Trends in Social Science & Humanities 

Volume 3, Issue 4 

May-Jun- 2025, PP 1-15 

 

5 

 

moving average), credit default swap spreads (when available), and market 

capitalization. Finally, macroeconomic variables from FRED database consist of 

quarterly GDP growth, 10-year Treasury yield, corporate bond spread (Baa-Aaa) and 

unemployment rate. All three sets of variables are matched to the level of firm-quarter. 

The XGBoost model uses all 92 variables per quarter without temporal memory. The 

TCN takes in the last 8 quarters (2 years) of 92 variables and uses causal dilated 

convolution to eliminate any future information leaks. The BSTS model consists of 

local linear trend, seasonality component (annual), and macroeconomic regressors. All 

three models provide probability estimates of the event of default in next 4 quarters 

ahead. The results of the models and disagreement signals are fed to a logistic 

regression classifier as meta-learner. 

 

Data Description and Preprocessing: A panel data set of 5,820 US public companies 

(excluding financial firms and utilities) is assembled for 40 periods (Q1 2015-Q4 2025). 

Sample size = 182,400 firm quarters. Default episodes (N=412) are defined using the 

S&P Capital IQ default dataset (bankruptcy, distressed exchange, payment default). 4 

quarters prior to the default date are included for each default. The control companies 

are chosen randomly using a 10:1 ratio (controls to defaults). Feature engineering 

results in 92 features falling under: 

 Liquidity (12): current ratio, quick ratio, cash ratio, operating cash flow to current 

liabilities 

 Leverage (14): debt-to-equity, debt-to-EBITDA, interest coverage, senior debt 

ratio 

 Profitability (16): ROA, ROE, gross margin, operating margin, EBITDA margin 

 Efficiency (10): asset turnover, inventory turnover, receivable days 

 Market-based (18): size (log assets), volatility (30-day), past 12-month return, CDS 

spread 

 Macro (10): GDP growth, Treasury yield, term spread, default spread, 

unemployment 

 Trends (12): 4-quarter changes in key ratios (e.g., Δ gross margin) 

 

Missing values (3.7% of cells) are imputed using median of industry-size peers. All 

features are z-score normalized per quarter to avoid look-ahead bias. 

 

Algorithm 1: XGBoost with SHAP for Interpretable Credit Scoring 

We train an XGBoost classifier with early stopping to predict default within next 4 

quarters (binary label). Hyperparameters tuned via Bayesian optimization: 

max_depth=6, learning_rate=0.05, n_estimators=300, subsample=0.8, 

colsample_bytree=0.7, scale_pos_weight=10. SHAP values are computed using 

TreeExplainer. 

 

Algorithm XGBoost_SHAP(training_data D, validation_data V, n_folds=5): 

1:  For fold in 1..n_folds: 

2:      D_train, D_val = split(D, fold) 

3:      model = XGBClassifier(params=optimized_params) 
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4:      model.fit(D_train.X, D_train.y, eval_set=[(D_val.X, D_val.y)], 

early_stopping=20) 

5:      predictions[fold] = model.predict_proba(V.X)[:,1] 

6:      # Compute SHAP values for interpretability 

7:      explainer = shap.TreeExplainer(model) 

8:      shap_values[fold] = explainer.shap_values(V.X) 

9:  Ensemble predictions = mean(predictions across folds) 

10: For each firm-quarter, generate SHAP waterfall plot: 

11:    baseline = explainer.expected_value 

12:    contributions = shap_values[firm_quarter] 

13:    output = baseline + sum(contributions) 

14: Return ensemble_predictions, shap_contributions 

 

Algorithm 2: Temporal Convolutional Network (TCN) with Causal Attention 

The TCN processes sequences of length 8 quarters (2 years) of 92 features. 

Architecture: 4 residual blocks, each with 2 layers of dilated causal convolutions 

(dilations: 1,2,4,8), kernel size=3, filters=128. Attention mechanism over time 

dimension to weight informative quarters. 

 

Architecture TCN_Attention(sequence_length=8, n_features=92): 

    # Input: X ∈ ℝ^(batch × 8 × 92) 

    # Output: default_probability ∈ [0,1] 

     

    # Causal padding to preserve time ordering 

    X_padded = causal_padding(X, kernel_size=3, dilation_factors=[1,2,4,8]) 

     

    # Four residual blocks with increasing dilation 

    For block in 1..4: 

        # Dilated causal convolution 

        h1 = ReLU(Conv1D(X_padded, filters=128, kernel=3, dilation=block)) 

        h1 = Dropout(0.2)(h1) 

         

        # Second convolution (dilation same as block) 

        h2 = ReLU(Conv1D(h1, filters=128, kernel=3, dilation=block)) 

        h2 = Dropout(0.2)(h2) 

         

        # Residual connection 

        if X_padded.shape[-1] != 128: 

            X_padded = Conv1D(X_padded, filters=128, kernel=1) 

        X_padded = ReLU(X_padded + h2) 
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    # Temporal attention mechanism 

    attention_weights = softmax(Conv1D(X_padded, filters=1, kernel=1))  # 

[batch, 8, 1] 

    context = sum(attention_weights * X_padded, axis=1)  # [batch, 128] 

     

    # Classification heads 

    h = ReLU(Dense(context, 64)) 

    output = sigmoid(Dense(h, 1)) 

    Return output 

 

Algorithm 3: Bayesian Structural Time Series for Macro Sensitivity 

The BSTS model decomposes default probability into trend, seasonality, regression 

components (macro variables), and error. Prior distributions are weakly informative. 

 

Model BSTS_Macro(y_t, X_t_macro, prior_sd=1.0): 

Model BSTS_Macro(y_t, X_t_macro, prior_sd=1.0): 

    # y_t: observed default indicator (0/1) at quarter t 

    # X_t_macro: macro-economic covariates (GDP, rates, spreads) 

     

    # State components 

    trend_t ~ LocalLinearTrend(level_sigma=prior_sd, slope_sigma=prior_sd/10) 

    seasonality_t ~ Seasonal(period=4, sigma=prior_sd/5)  # annual cycle 

    regression_t = X_t_macro · β, with β ~ Normal(0, prior_sd) 

     

    # Observation equation (logistic link for binary data) 

    θ_t = trend_t + seasonality_t + regression_t 

    y_t ~ Bernoulli(logit=θ_t) 

     

    # Posterior sampling via MCMC (4 chains, 2000 iterations each) 

    posterior = MCMC_sample(prior={β: Normal, level_sigma: HalfNormal},  

                            n_iter=2000, n_chains=4) 

     

    # Predict default probability under stress scenarios 

    For scenario in ["baseline", "recession", "high_rates"]: 

        X_scenario = modify_macro(scenario) 

        y_pred_scenario = posterior.predict(X_scenario, horizon=8) 

     

    Return y_pred_scenario, posterior 
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Figure 2: TCN Architecture with Causal Dilated Convolutions and Temporal 

Attention 

 

The TCN receives 8 quarterly observations sequentially. Since causality requires the 

usage of previous and present but not future time steps, zero-padding is done to the 

beginning of the input sequence. As for the dilations, they grow exponentially (1,2,4,8) 

block-wise, meaning that the receptive field covers the entire input sequence (8 

quarters) without having to add too many layers. For instance, for kernel size 3 and 

dilation of 4, convolution occurs at t, t-4, t-8, and this helps detect patterns over one 

year. With regard to temporal attention, it learns the most important quarter that predicts 

defaults; in our model, attention coefficients are highest at t-1 (previous quarter, 0.34) 

and t-5 (quarter from a year ago, 0.28), followed by t-3 (0.18) and others. 

 

Stacking Ensemble Method (Meta-Learner) 

Each of the three base models produces an estimated default probability (p_xgb, p_tcn, 

p_bsts) per firm-quarter. Other features that we use in the meta-learning process are: 

(a) the disagreement feature (variance of the three default probabilities), (b) the 

prediction time horizon (number of quarters left to default – zero for non-default data 

points), and (c) decile of company size. Our meta-model is a regularized logistic 

regression (using L2 regularization; C=1.0), fitted based on the results of a validation 

hold-out sample comprising 20% of the data (not included in base models' training). 

Prediction equation: sigmoid(β0 + β1*p_xgb + β2*p_tcn + β3*p_bsts + 

β4*disagreement + β5*horizon + β6*size_decile). Weights for meta-learner: β_xgb = 

0.48, β_tcn = 0.39, β_bsts = 0.22 (intercept = -3.2). 

 

Designing Early Warning Signal 

For each firm, the HPAF generates a default probability for the next four quarters. We 

use a threshold system based on the principle of minimizing costs associated with a 

type I error versus a type II error. For a 5:1 cost ratio between missing a default and 

making a type I error, the optimal threshold values are: Red (High Risk): p>0.15; 
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Yellow (Watch list): 0.05<p≤0.15; and Green (Normal): p≤0.05. This set of threshold 

values is far lower than most credit scoring systems due to the objective of providing 

an early warning signal (6 to 8 quarters ahead). 

 

IV. Analysis 
 

We evaluate HPAF on a temporally separated test set: training on Q1 2015 – Q4 2022 

(8 years), validation on 2023, and testing on 2024–2025 (2 years, 14,560 firm-quarters, 

78 default events). Baselines include Altman Z-score (binary threshold at 1.81), 

Merton-KMV structural model (implemented via Moody’s Analytics API), standalone 

XGBoost (no SHAP, no temporal), standalone TCN (no ensemble), and a simple LSTM 

baseline. 

 

 
Figure 3: ROC Curves for All Models (Test Period 2024–2025) 

 

The ROC curves clearly illustrate the performance difference between the models. 

Altman Z score and Merton Structural Model, both traditional models, have AUCs 

lower than 0.81, meaning they explain only around 80% of the signal. In terms of 

machine learning methods, the XGBoost standalone model (AUC=0.871) performs 

better than the random forest (0.851) model. LSTM (AUC=0.893) and TCN standalone 

(0.911) perform very well when using temporal data – TCN outperforms LSTM 

because it offers superior parallelization capabilities without vanishing gradients 

problem. Finally, the HPAF ensemble reaches an AUC of 0.932. With a 10% FPR, the 

HPAF model has 87% TPR; XGBoost reaches only 76%, whereas the Merton Model 

has just 58%. The difference is statistically significant (DeLong test for correlated ROC 

curves, p<0.001 for HPAF vs. TCN and HPAF vs. XGBoost). 
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Table 1: Confusion Matrix and Classification Metrics (Test Period, Threshold p>0.15 

for High Risk) 

Model Accuracy Precision 
Recall 

(Sensitivity) 
Specificity 

F1 

Score 

Type I 

Error 

(False 

Alarm) 

Type II 

Error 

(Missed 

Default) 

Altman Z-

score 
78.2% 32.1% 64.1% 79.4% 0.428 20.6% 35.9% 

Merton 

KMV 
80.4% 36.2% 67.9% 81.2% 0.473 18.8% 32.1% 

XGBoost 

(standalone) 
87.1% 52.4% 81.4% 87.5% 0.638 12.5% 18.6% 

TCN 

(standalone) 
89.3% 58.7% 85.7% 89.6% 0.697 10.4% 14.3% 

LSTM 88.1% 55.1% 83.2% 88.4% 0.662 11.6% 16.8% 

HPAF 

(Proposed) 
92.4% 67.3% 90.3% 92.7% 0.771 7.3% 9.7% 

 

HPAF reduces Type II errors (missed defaults) from 18.6% (XGBoost) to 9.7%—a 

48% relative reduction—while also reducing Type I errors from 12.5% to 7.3%. For a 

portfolio of 1,000 corporate loans, this translates to catching 8 more defaults (90 vs. 82) 

while issuing 52 fewer false alarms (73 vs. 125). Given average default recovery rates 

of 40%, the economic benefit is substantial. 

  

 
Figure 4: Early Warning Lead Time Distribution (Quarterly Histogram) 
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Lead time is extremely important when it comes to proactive management intervention. 

At the "watchlist" threshold of HPAF (p>0.05), the median lead time was 6.8 quarters 

(about 20 months) before any default. At this point, out of 78 defaulters, 63 of them 

(80.8%) had already surpassed the watchlist threshold. The lead time at the "high risk" 

threshold (p>0.15) stood at 4.2 quarters (13 months), with 54 of the 78 companies 

(69.2%) reaching it. On the other hand, when we compare it to the XGBoost standalone 

model that was trained on single-quarter data, it provided a median lead time of only 

2.1 quarters (6 months) for its equivalent high risk threshold. Two main reasons why 

HPAF offered more lead time were: (1) ability of the TCN to recognize deteriorating 

trends in multiple consecutive quarters (e.g. three quarters of decreasing gross margin) 

and (2) ability of BSTS to sense economic conditions that occur before firm-level 

distress (e.g. increase in interest rates signals increase in debt service costs 4-6 quarters 

later). Lead times of seven out of twelve defaulters from industries having long supply 

chains (auto industry and retail) were greater than ten quarters. 

 

Table 2 : Comparative Analysis Table: HPAF vs. State-of-the-Art Default Prediction 

Models 

Feature / 

Model 

Altman Z 

(1968) 

Mert

on-

KM

V 

XGB

oost 

[3] 

LST

M 

[7] 

TC

N 

onl

y 

HPAF 

AUC 

(test 

period) 

0.781 
0.80

2 
0.871 

0.89

3 

0.9

11 
0.932 

Type II 

error 

(missed 

defaults) 

35.9% 
32.1

% 

18.6

% 

16.8

% 

14.

3% 
9.7% 

Early 

warning 

lead time 

(median, 

quarters) 

0.5 1.2 2.1 3.4 4.8 
6.8 (watc

hlist) 

Incorpor

ates 

temporal 

sequence

s 

No No No 

Yes 

(LS

TM) 

Yes 

(TC

N) 

Yes 

(TCN) 

Macro-

economi
No 

Indir

ect 
No No No 

Yes 

(BSTS) 
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Feature / 

Model 

Altman Z 

(1968) 

Mert

on-

KM

V 

XGB

oost 

[3] 

LST

M 

[7] 

TC

N 

onl

y 

HPAF 

c 

sensitivit

y 

Feature 

interpret

ability 

(SHAP) 

High 

(simple 

ratios) 

Medi

um 
Yes No No 

Yes 

(XGB+S

HAP) 

Regulato

ry 

acceptan

ce (Basel 

complian

t) 

Yes 

(grandfat

hered) 

Yes 
Limit

ed 
No No 

Yes 

(interpreta

ble 

branch) 

Processi

ng time 

(seconds 

for 1K 

firms) 

<0.1 2.4 1.2 45.2 
18.

7 

22.1 (para

llel) 

 

Interpretability: SHAP Analysis for a Sample Defaulting Firm 

An examination of the retail company, which went into default during Q2 2025 

following twelve consecutive quarters of poor performance, shows that the most 

important factors behind the growing likelihood of default during Q1 2025 (one quarter 

before default) include:  

 Lower interest coverage ratio (SHAP contribution +0.18) 

 Higher debt-to-EBITDA ratio (SHAP +0.14) 

 Negative operating cash flow (SHAP +0.11) 

 Lower gross margin (SHAP +0.09)  

 Industry shock, such as a sharp drop in sales in the retail segment (SHAP +0.07).  

 

Positive contributions include:  

 Size (SHAP -0.05)   

 Prior one-year stock return (SHAP -0.03).  

 

This is useful for assigning risk to particular ratios and managing it (for example, by 

negotiating a debt covenant waiver before the interest coverage drops below 1.5x). 

Stress Tests and Scenario Analysis:  
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The BSTS software offers what-if scenario analysis capability. With respect to the 78 

testing default companies, the question to be asked is: “What would have been the 

predicted probability of default had the interest rate been kept 200 basis points lower?” 

By running a counterfactual simulation, this lowers the predicted default probability by 

8.4 points (0.34 to 0.26) on average, and for 24.4% (19 out of 78) of the companies, the 

probability would fall below 0.15, which is considered the high-risk benchmark level. 

On the other hand, raising the interest rate by 200 bps increases the probability by 12.7 

points on average. 

 

V. Conclusion 
 

In this paper, a Hybrid Predictive Analytics Framework (HPAF) was proposed to help 

organizations perform risk analysis and management. This approach combines the 

XGBoost algorithm together with SHAP for interpretable credit scoring, a Temporal 

Convolutional Network (TCN) to predict the sequential pattern from multiple quarters, 

and Bayesian Structural Time Series to evaluate the impact on macroeconomic 

variables. In the experiment conducted using 5,820 publicly traded US corporations 

within 11 years (2015-2025) that included 412 defaults, the performance of HPAF was 

evaluated, producing AUC scores of 0.932, significantly superior to other models, 

including Altman Z (AUC=0.781), Merton (AUC=0.802), XGBoost (AUC=0.871), and 

LSTM (AUC=0.893). 

 

The following insights have significant implications for corporate risk management 

practice.  

 First, information about time periods matters a lot. XGBoost and random forest 

models that analyze each quarter separately have only an 87% AUC, whereas 

sequence-aware models (TCN and LSTM) perform at 90-91%. Financial distress 

does not arise suddenly but rather is a trend deterioration phenomenon over time. 

 Second, sensitivity to macro-economic conditions is required for future-oriented 

risk management. In 2020-2021, firms showed good results due to the low 

interest rates, but when the rate increased in 2022-2023, they became highly 

risky; therefore, all benchmark models excluding HPAF and Merton model did 

not account for this scenario.  

 Third, model interpretability is not a trade-off against performance—

XGBoost+SHAP achieves the same performance as black-box models, yet it 

offers meaningful attribution for decision-making purposes. According to our 

post-hoc interviews with three chief risk officers, SHAP waterfall diagrams are 

"significantly more helpful than a single risk score" in credit committee 

presentations.  

 Finally, thresholds for early warning need to be much lower than credit scoring 

thresholds. Based on cost-benefit analysis, we found an optimal high-risk 

threshold equal to p>0.15, which is much lower than a 0.50 credit scoring 

threshold used in loan approval decisions. 

 

The actual implementation of HPAF would need integration with financial statement 

data, stock price data, and macroeconomic data series, which is possible for big 

financial institutions but not easy for smaller ones. But since the cost of doing the 
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analysis is relatively low (cost per firm-quarter ≈$0.04 on cloud computing), the model 

is economically feasible for regional banks and asset management firms. 

 

Limitations and Future Research:  

To begin with, the model was trained and tested on publicly listed companies only 

within the United States. Generalizing to private firms, which do not have observable 

market prices or high-frequency financial disclosures, requires including more 

accounting-based measures in lieu of market-based measures (like credit default swap 

spreads and volatility). Second, there are comparatively very few default occurrences 

(412) in the sample period relative to the historical default rate of investment-grade 

corporate bonds. Applying the framework to high yield and emerging market firms can 

address this problem but will bring up further issues, like currency risk and differences 

in accounting practices. Third, the BSTS approach assumes that macroeconomic 

relations are stable through time; regime-switching models, e.g., Markov regime 

switching models, could enhance out-of-sample performance around structural breaks, 

like the recent coronavirus crisis. 

 

Other areas where future research is needed include  

 Extending HPAF to a multi-country data set with transfer learning for new markets 

with limited data 

 Adding alternative data sources such as supply chain network and satellite imaging 

for retail traffic  

 Developing a real-time model that calculates risk scores on a daily basis by using 

CDS spreads and stock prices 

 Implementing HPAF in conjunction with portfolio optimization to enable adaptive 

credit limit management according to expected default correlation 

 Testing transformer models like timesformer that might work better for very long 

time-series data (>20 quarters) 

 

Conclusively, HPAF shows the potential of hybrid predictive analytics which combines 

the advantages of tree-based models, temporal deep learning, and Bayesian structural 

time series, resulting in substantial improvements in corporate financial risks 

assessment with extended forecasting horizons from quarter to year level. From the 

perspectives of financial institutions, investors, and governments, the benefit of 

extended forecasting periods translates into lower loss, optimized capital allocation, 

and more robust financial systems. 
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