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Late-stage cancer diagnosis remains a major barrier to improving survival rates,yet the relative contributions of tumor, patient, and region-level factors have notbeen well quantified. In this study, we develop a 3-layer Bayesian hierarchicallogistic regression model to investigate late-stage cancer diagnosis. The modelincludes fixed effects for tumor characteristics and random effects for patientsand regions. Model parameters are estimated using the No-U-Turn Sampler, andposterior samples are evaluated with effective sample sizes and convergencediagnostics. From intra-class correlation estimates, we find that patient-levelvariation has a substantially stronger influence on late-stage diagnosis than region-level variation. Lastly, we utilize a Gaussian Mixture Model to cluster posteriorpatient-level random effects, identifying nine distinct clusters characterized by age,sex, and tumor features. Our findings suggest that individualized, patient-focusedstrategies may be more effective than geographically targeted approaches forpromoting earlier cancer detection.Keywords:Late-stage cancer; Bayesian hierar-chical logistic regression; No-U-Turnsampler; Patient heterogeneity; Can-cer risk cluster

1. Introduction
Cancer remains one of the leading causes of mortality in the United States, making early detectionessential for improving survival outcomes [1–3]. However, timely diagnosis is not uniformly distributedacross populations. For example, Oh et al. [4] reported substantial geographic disparities in cancerdiagnosis between metropolitan and rural regions. This observation has motivated extensive researchon regional differences in cancer outcomes [5]. Beyond regional factors, patient-level characteristicsalso play a critical role. Even among patients presenting with the same tumor type, demographic
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characteristics such as sex and age can vary considerably. These factors may further interact with tumorfeatures and influence the likelihood of late-stage diagnosis. [6].While prior studies have examined either geographic or demographic influences on cancer diagnosis,few have explicitly quantified how multiple hierarchical levels contribute to late-stage cancer. Weaddress this gap by decomposing the variation across tumor-level, patient-level, and region-levels inlate-stage cancer diagnosis. Finally, we perform patient-level clustering based on key covariates toidentify groups with the highest risk of late-stage diagnosis. This work can play an important role inearlier cancer detection and in reducing the incidence of late-stage diagnosis.Although substantial work has examined disparities in cancer diagnosis [7–9], most existing studiesfocus on a single analytical layer and fail to account for how tumor-, patient-, and system-level factorsjointly shape clinical outcomes when interactions are present [10, 11]. For example, Flanary et al. [12]developed a multivariate regression model and demonstrated that patients with Medicaid or noinsurance have significantly higher odds of being diagnosed with late-stage cancer compared withthose covered by the military health system. Similarly, Wassie et al. [13] employed multivariable logisticregression to identify sociodemographic and clinical factors associated with advanced-stage cancer atdiagnosis among adult patients.Beyond these single-layer analyses, an additional challenge lies in the high dimensionality andcomplexity of many cancer datasets, which makes it difficult to disentangle sources of variation usingconventional regression approaches [14–16]. To address this issue, McGlothlin et al. [17] adoptedBayesian hierarchical logistic regression (BHLR) models to improve uncertainty quantification. Similarly,Lin et al. [18] developed a BHLR framework to integrate multiple family health histories for cancerrisk prediction, while Allen et al. [19] applied a BHLR model to estimate the effects of risk factors onbladder cancer. Collectively, these studies underscore the importance of Bayesian hierarchical methodsfor modeling complex clinical data and motivate their application to the study of late-stage cancerdiagnosis [20–24].Clustering is a useful tool for identifying heterogeneity in cancer risk and disease stage [25–27]. Forexample, Vitelli et al. [28] applied a rank-based Bayesian clustering approach to RNA-seq data from 12tumor types to identify molecular subgroups across cancers. Similarly, Nicholls et al. [29] proposed aBayesian nonparametric clustering framework that accounts for individual-level observation uncertaintyand demonstrated its utility on gene expression data. However, these clustering approaches havelargely been developed independently of hierarchical logistic regression models and have not beenapplied to population-level epidemiologic outcomes, such as stage at cancer diagnosis.In this study, we propose a three-level Bayesian hierarchical logistic regression framework to quan-tify the relative contributions of tumor-, patient-, and region-level factors to late-stage cancer diagnosis.Using SEER data, we explicitly decompose the variability of results across hierarchical levels and performBayesian inference using the No-U-Turn Sampler. Furthermore, we get intra-class correlations to charac-terize the heterogeneity and demonstrate that patient-level variation exceeds regional effects. Buildingon the hierarchical model, we conduct posterior patient-level random effect clustering using a GaussianMixture Model to identify latent risk subgroups with distinct demographic and tumor characteristics.Together, these contributions provide insights into cancer diagnosis disparities, highlighting the primacyof individual-level heterogeneity and strategies for earlier detection in public health.
2. Data

In this section, we introduce the dataset, how we handle missingness, and all explore-transform-load(ETL) steps.
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2.1 SEER Dataset

We use cancer data from the Surveillance, Epidemiology, and End Results (SEER)* provided by theNational Cancer Institute (NCI). It contains standardized information on cancer cases across multipleU.S. regions.
2.2 Missingness Assessment

We evaluate whether missing data are related to observed covariates under the Missing Completelyat Random (MCAR) assumption:First, we define an indicator variable Mi for each observed covariate:
Mi =

{
1, if the observation is missing,
0, otherwise. (1)

We then model the probability of missingness due to chance using logistic regression:
Pr(Mi = 1) = logit−1(γ0 + γ1Agei + γ2Racei + γ3Regioni + γ4Sizei + γ5Gradei) . (2)

The regression results are shown in Table 1 and Table 2. They indicate that multiple covariates(including sex, race, region, and age) were significantly associated with missingness, so for this study,we will assume data is missing at random (MAR). As a result, we keep only complete cases for analysis,resulting in a sample size of 209,123.
2.3 Data Pre-processing

We take further steps to prepare our data. Firstly, the tumor grade variable is grouped into low(grades one and two) and high (grades three and four) which enables us to use a logistic model.Region identification is changed to show three levels: large metropolitan, small metropolitan, andnonmetropolitan with adjacent areas. Originally, nine levels were present, but we chose three to ensurea relatively stable balance We then remove observations that show missing size measurementsalong with those labeled as ”Unknown” or ”Blank(s)”. We pool rare categories together to ensure arelative balance. Continuous measures, such as the size of the disease, are kept in their original form,and the distributions are examined to confirm that these measures are relatively unbiased.Table 3 shows the organization for our final dataset, consisting of 37,530 observations.
3. Proposed Method

In this section, we will introduce the basic concept of our hierarchical model and clustering.
3.1 Bayesian Hierarchical Logistic Model

For each tumor t of patient p in region r, we define a dichotomous result:
Ytpr =

1, late-stage diagnosis,
0, early-stage diagnosis. (3)

Conditional on the success probability ptpr, we assume
Ytpr | ptpr ∼ Bernoulli(ptpr). (4)

*https://seer.cancer.gov/
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Table 1: Significant Coefficients for the Missingness Model (Pt. 1).

Term Est. SE z Stat Prob

Age 15-19 -0.84 0.10 -8.60 0.0000
Age 20-24 -1.68 0.10 -17.14 0.0000
Age 25-29 -2.17 0.09 -22.88 0.0000
Age 30-34 -2.61 0.09 -28.16 0.0000
Age 35-39 -2.70 0.09 -29.90 0.0000
Age 40-44 -2.78 0.09 -31.34 0.0000
Age 45-49 -2.76 0.09 -31.43 0.0000
Age 50-54 -2.86 0.09 -32.75 0.0000
Age 55-59 -2.88 0.09 -33.10 0.0000
Age 60-64 -2.98 0.09 -34.27 0.0000
Age 65-69 -3.08 0.09 -35.40 0.0000
Age 70-74 -3.11 0.09 -35.72 0.0000
Age 75-79 -3.12 0.09 -35.82 0.0000
Age 80-84 -3.07 0.09 -35.18 0.0000
Age 85-89 -3.01 0.09 -34.24 0.0000
Age 90+ -2.91 0.09 -32.43 0.0000
Married -0.11 0.01 -8.13 0.0000
Unmarried 0.06 0.02 3.31 0.0009
Grade II 3.03 0.05 66.58 0.0000
Grade Null 1.91 0.33 5.72 0.0000
Grade III 3.40 0.05 75.01 0.0000
Grade IV 3.88 0.05 83.75 0.0000
Grade 1 3.29 0.05 71.06 0.0000

Level 1: Tumor level model

We apply a logistic regression model to decompose variation of late-stage diagnosis into fixedcovariate effects and multilevel random effects.
logit(ptpr) = z⊤tprβT +w⊤

p βP + up + vr, (5)
The variable ztpr denotes the tumor-level covariate vector, wp represents the patient-level covariatevector, βT and βP are the fixed effect coefficients for tumor-level and patient-level predictors. up isused for patient-level random effects, and vr for region-level random effects.

Level 2: Patient-level Model

up | σ2
u ∼ N(0, σ2

u), p = 1, . . . , P, (6)
This layer represents heterogeneity between patients and captures correlation among multiple tumorsfrom the same patient.
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Table 2: Significant Coefficients for the Missingness Model (Pt. 2)
Term Est. SE z Stat Prob

size10 1.10 0.13 8.27 0.0000size13 -1.18 0.36 -3.29 0.0011size14 -1.15 0.18 -6.44 0.0000size15 -0.78 0.20 -3.93 0.0009size21 -3.99 0.24 -16.41 0.0000size22 -3.58 0.07 -49.79 0.0000size23 -3.83 0.13 -28.81 0.0000size24 -2.22 0.10 -21.95 0.0000size25 0.43 0.04 10.33 0.0000size28 -3.10 0.41 -7.58 0.0000size30 0.16 0.01 12.20 0.0000size31 3.67 0.03 135.55 0.0000size32 -0.47 0.07 -6.89 0.0000size33 -3.08 0.13 -22.98 0.0000size34 1.11 0.12 9.36 0.0000size35 -0.83 0.25 -3.36 0.0008size36 -3.53 0.41 -8.61 0.0000size40 0.45 0.01 32.01 0.0000size41 -0.51 0.03 -17.11 0.0000size42 1.25 0.03 47.89 0.0000size43 2.36 0.04 59.77 0.0000size45 0.55 0.04 12.23 0.0000size47 -0.70 0.15 -4.86 0.0000size50 -1.47 0.02 -70.97 0.0000size51 -3.81 0.12 -30.84 0.0000size52 -1.96 0.11 -17.63 0.0000size53 -1.82 0.13 -14.06 0.0000size54 -1.26 0.15 -8.55 0.0000size60 2.16 0.02 132.51 0.0000size62 -4.79 1.00 -4.79 0.0000size70 -1.09 0.09 -11.78 0.0000size80 -0.67 0.11 -6.04 0.0000size90 1.36 0.05 28.68 0.0000size98 6.78 0.05 149.72 0.0000size99 1.72 0.07 24.95 0.0000
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Table 3: Hierarchical Dataset Structure.

Level Variable
Tumor-level Tumor Stage

Tumor Grade
Tumor Size
Tumor Site

Patient-level Patient ID
Age Group
Sex
Race/Ethnicity
Year of Diagnosis
Marital Status

Region-level Region Size Classification
Level 3: Region-level Model

vr | µv, σ
2
v ∼ N(µv, σ

2
v), r = 1, . . . , R, (7)

The term µv is used for average regional effects, and σ2
v represents between-region variability.

3.2 Model-based Clustering

We use risk stratification to identify subgroups from our results. The term ūp denotes the poste-rior mean of the patient-level random effect up from the hierarchical logistic model. We model thedistribution of ūp by a Gaussian Mixture Model (GMM) through Maximum Likelihood Estimation:
ūp ∼

K∑
k=1

πk N (ūp | µk, σ
2
k), (8)

The term πk is the mixing weight (with∑k πk = 1), and the tuple (µk, σ
2
k) represents the mean andvariance parameters of kth Gaussian component. We estimate the parameter vector (πk, µk, σ

2
k)

K
k=1by the Expectation-Maximization (EM) algorithm.Given the estimated parameters, we assign each patient a soft cluster label using the posteriorprobability of belonging to cluster k:

γpk =
πk N (ūp | µk, σ

2
k)∑K

j=1 πj N (ūp | µj, σ2
j )
. (9)

To obtain a hard decision boundary, we use these probabilities γpk to assign patients to the mostprobable cluster via argmaxk γpk.
3.3 No-U-Turn Sampler

The No-U-Turn Sampler (NUTS) [30] is an extension of Hamiltonian Monte Carlo (HMC). It automati-cally determines the trajectory length during sampling and uses the Metropolis-Hastings Accept-Rejectcriteria. This avoids the need for manual tuning of the number of leapfrog steps and improves mixingin BHLR models. The detailed algorithm is shown in Algorithm 1.
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Algorithm 1 No-U-Turn Sampler

1: Input: Data y, covariates X , model structure, priors.
2: Initialize: Choose initial parameter vector Θ(0) and momentum r(0) ∼ N (0,M).
3: for t = 1, 2, . . . , T do
4: Resample momentum: r(t) ∼ N (0,M).
5: Use leapfrog integration to explore candidate states and build a binary tree of proposals (Θ′, r′).
6: Continue expanding the tree until the trajectory forms a U-turn, indicating that further expansionwould retrace previous steps.
7: Select one valid proposal Θ(t) uniformly from the built tree.
8: Apply the Metropolis-Hastings rule to accept or reject the proposal.
9: end for

10: Output: Posterior samples {Θ(t)}Tt=1.

4. Bayesian Inference
In this section, we provide more details and justification for our model and clustering specification.

4.1 Model Specification

We define the likelihood, prior distributions, and joint posterior for the Bayesian hierarchical logisticregression model.
Likelihood

The full likelihood of the binary tumor level result y is given as
p(y | β, u, v) =

P∏
p=1

R∏
r=1

npr∏
t=1

p
ytpr
tpr (1− ptpr)

1−ytpr . (10)

Prior

We assume patient-level and region-level random effects follow normal priors with bigger variancesto make sure no overfitting occurs:
up ∼ N (0, 4), vr ∼ N (0, 25). (11)

Based on [31], we apply σ ∼ t(3, 2.5) with density p(σ) ∝ (1 + σ2

3·2.52

)−2

, σ > 0.
Joint Posterior Distribution

Combining likelihood and priors gives the posterior:
p(β, u, v, σu, σv | y) ∝p(y | β, u, v)

(
P∏

p=1

N (up | 0, σ2
u)

)(
R∏

r=1

N (vr | 0, σ2
v)

)
p(β) p(σu) p(σv).

(12)
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4.2 Posterior Inference

We employ NUTS to sample from the joint posterior distribution:
p(Θ | y,X), Θ = (β, {up}, {vr}, σ2

u, σ
2
v). (13)

We ran 4 Markov chains with 3,000 iterations each, including 1,500 warm-up iterations. After burn-in, a total of 6,000 post–warm-up draws were retained for inference. To improve exploration of theposterior geometry, particularly for hierarchical variance parameters, we set step size adapt delta =

0.9995 to reduce divergent transitions and max treedepth = 15 to allow sufficiently long trajectorieswithout causing a burden on our CPU constraints.
4.2.1 Model Diagnostic

We verified convergence via E-BFMI (Expected Bayes Fraction of Missing Information), effectivesample sizes (ESS), and R̂ diagnostics (all R̂ ≈ 1.00), indicating satisfactory posterior exploration. Themodel diagnostics are shown in Table 4.
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Table 4: Posterior Estimates and Convergence.

Term Estimate SE 2.5% 97.5% Rhat Bulk ESS Tail ESS

Hyperparameterssd(Patient) 9.11 1.85 5.69 13.01 1.01 494 593sd(Region) 0.79 0.89 0.02 3.23 1.00 2931 3694
Intercept -4.32 1.36 -7.17 -1.75 1.00 1677 2623age01-04 -0.34 1.89 -4.05 3.32 1.00 9027 5229age05-09 -1.17 1.92 -4.82 2.58 1.00 9688 5284age10-14 0.09 1.88 -3.47 3.91 1.00 8516 4916age15-19 0.07 1.90 -3.65 3.87 1.00 10007 4664age20-24 -1.28 1.83 -4.95 2.31 1.00 7836 4698age25-29 -0.24 1.67 -3.52 3.03 1.00 6268 4781age30-34 1.14 1.46 -1.81 4.08 1.00 4090 4215age35-39 0.49 1.26 -2.05 2.92 1.00 3444 4116age40-44 0.45 1.09 -1.69 2.63 1.00 3134 4143age45-49 0.38 0.93 -1.44 2.19 1.00 2876 3588age50-54 0.98 0.89 -0.73 2.76 1.00 2551 3412age55-59 0.12 0.84 -1.78 1.48 1.00 2555 3562age60-64 -0.23 0.82 -1.82 1.38 1.00 2305 3031age65-69 0.36 0.80 -1.22 1.93 1.00 2668 3376age70-74 -0.23 0.82 -1.82 1.38 1.00 2305 3031age75-79 1.42 0.86 -0.24 3.12 1.00 2719 3650age80-84 -0.58 0.94 -2.49 1.24 1.00 2326 3739age85-89 -0.05 1.04 -2.10 2.00 1.00 2787 3505age90+ -0.62 1.18 -2.99 1.66 1.00 3452 4375sexMale 0.58 0.45 -0.28 1.51 1.00 2666 3249racethOther 1.79 0.81 0.29 3.43 1.00 1990 3574racethWhite -0.03 0.67 -1.37 1.25 1.00 2804 3382gradeStart 6.06 1.13 3.96 8.41 1.01 635 881size std 1.22 0.30 0.69 1.87 1.01 793 1682year std -0.02 0.21 -0.44 0.39 1.00 2784 3506marryUnmarried 0.47 0.46 -0.40 1.41 1.00 2780 2985

Figure 1 shows that the observed mean late-stage diagnosis rate aligns well with the distribution ofreplicated values under the posterior, indicating that the model captures key data features and showsno systematic misfit.
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Figure 1: Posterior predictive distribution of the mean late-stage diagnosis rate.
4.3 Intra-class Correlation

For logistic models, the residual variance is π2

3
. Patient-level and region-level ICCs are calculated asfollows:

ICCp =
σ2
u

σ2
u + σ2

v + π2/3
, ICCr =

σ2
v

σ2
u + σ2

v + π2/3
. (14)

Using posterior estimates σu ≈ 9.11 and σv ≈ 0.79:
ICCp ≈ 0.94, ICCr ≈ 0.007,

This result confirms that nearly all unexplained variation arises at the patient level.
4.4 Shrinkage Effects

Patient level Under the prior up ∼ N (0, σ2
u), the posterior mean is

E(up | β, {vr}, σ2
u, σ

2
v) = wp yµp , wp =

σ2
u

σ2
u + σ2

ε/np

. (15)
The term µp is the sample mean. When np or σ2

u are small, the weight wp decreases, and the estimateof up ”shrinks” toward 0.
Region level Given the prior vr ∼ N (0, σ2

v), the posterior mean is
E(vr | β, {up}, σ2

u, σ
2
v) = wr yvp , wr =

σ2
v

σ2
v + σ2

ε/nr

. (16)
The term yvp is the sample mean. Because nr is typically small and σ2

v is much smaller than σ2
u, theweight wr becomes close to zero, resulting in strong shrinkage of all region effects.
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At the patient level, the model reveals substantial variability: some patients have strongly negativeintercepts (indicating a lower risk of late-stage diagnosis), while others have strongly positive values(suggesting a higher risk). The shrinkage effect tempers this variability by adjusting extreme valuesinward, leading to more conservative yet robust estimates. This is critical in cases where individualdata are sparse, as it prevents the model from overreacting to noisy observations.At the regional level, the shrinkage effect is even more pronounced. All three regions show posteriormeans close to zero, and the wide credible intervals indicate substantial uncertainty. This means thatafter adjusting for patient-level covariates, regional differences contribute very little to the variability inlate-stage diagnosis. This shrinkage reinforces the dominance of individual-level heterogeneity, aligningwith the high patient-level intra-class correlation.Figure 2 visualizes the strong shrinkage of region-level raw rates toward the posterior mean. Thisresult reflects both the low ICCr and high posterior uncertainty, emphasizing that observed regionalvariation may largely be driven by noise rather than structural effects.

Figure 2: Shrinkage of Raw vs Posterior Region Level Estimates.
4.5 Clustering Analysis

To identify the distinct cancer risk characteristics in the risk subgroups, we fitted a Gaussian Mix-ture Model (GMM) for the cluster analysis. Table 5 summarizes the most common demographiccharacteristics within each cluster.The table shows that clusters 2 and 6 are the largest groups, which mainly consist of White femalesaged 60–64 living in large metropolitan areas (Region 1). This demographic profile represents themost dominant risk characteristics in our sample. Most of the other clusters primarily consist of Whitefemale patients residing in large metropolitan areas (Region 1) with various age ranges, like clusters 1and 8, which are an older group (75–79 years), signaling that increased risk of late-stage diagnosis isassociated with age.In contrast, Cluster 4 is the only group that primarily consisted of males, confirming the genderdifferences known empirically. Cluster 5 is the only cluster where individuals in the “Other” racial
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category are most common, representing a different latent risk profile for minority metropolitan elderwomen. Clusters 3 likely represent rare or outlier patient profiles. Across all clusters, Region 1 (largemetropolitan areas) is the most common geography, indicating minimal regional differentiation. Ourclustering analysis divided the large homogeneous old White female metropolitan population intovarious latent risk groups and also isolated the smaller minority and male subpopulation whose patternsmay need more investigation.

Table 5: Clustering results.
Cluster Count Age Race Sex Region∗

1 697 75-79 years White Female 12 777 60-64 years White Female 13 4 60-64 years White Female 14 314 70-74 years White Male 15 56 75-79 years Other Female 16 817 60-64 years White Female 17 101 60-64 years White Female 18 120 75-79 years White Female 19 145 70-74 years White Female 1
∗ Region=1 corresponds to large metropolitan areas (≥ 1 million population).

5. Conclusion
This study reinforces the dominant role of individual-level factors, particularly tumor size, tumorgrade, age, and sex, in predicting late-stage cancer diagnosis. Despite prior work identifying spatialdisparities, our analysis found negligible region-level variation (ICCregion ≈ 0.007) after accountingfor covariates, with nearly all residual heterogeneity arising at the patient level (ICCpatient ≈ 0.94).The coarse regional granularity in SEER and the inclusion of strong individual-level predictors likelycontribute to this result.We employed Bayesian hierarchical logistic regression to model patient- and region-level effects,leveraging partial pooling and shrinkage to stabilize estimates, especially in sparsely populated strata.Model diagnostics confirmed good posterior convergence and predictive calibration. Additionally,posterior clustering of patient-level random effects uncovered nine latent subgroups, each characterizedby distinct demographic and tumor profiles, emphasizing the potential of Bayesian modeling to uncoverunobserved heterogeneity not captured by covariates alone.From a clinical and policy perspective, these findings support a shift toward patient-focused inter-ventions such as individualized risk profiling and targeted screening over region-based strategies. Thisaligns with emerging paradigms in precision public health.However, several limitations remain. SEER’s coarse regional identifiers may obscure finer-scaledisparities, and residual patient-level variance likely reflects unmeasured confounding factors likescreening access or insurance status. While clustering was applied to posterior means of random effects,this two-stage frequentist approach does not fully propagate uncertainty, potentially understatingvariation in subgroup assignments. Due to time and computational constraints, a fully Bayesianclustering method (e.g., DP-GMM) was not implemented.
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