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Abstract

In this thesis, We present a machine learning model with logistic regression approach to predict
preterm birth (PTB) in a vulnerable (non Hispanic Black/African ancestry cohort). Regularized,
stratified 5 fold logistic regression showed the strongest performance from all features combined. In
the best performing model (clinical/psychosocial + cytokine + TPM + SNPs), PTB risk was driven
by hypertensive history, low vitamin D/VDBP, nicotine use, and lower social/SES support, with
a few transcript signals also contributing. The work provides a reproducible pipeline and inter-
pretable biomarkers for PTB in an understudied population.

Index terms— Interpretability, Feature Attribution, Mutli-omics Integration, Biomarkers, Path-
ways, Health Disparities, Precision medicine
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1
Introduction

1.1 Introduction

Preterm birth (PTB), defined as delivery before 37 weeks of gestation, remains a leading cause of

neonatal morbidity and mortality worldwide. In the United States, PTB affects approximately one

in ten births and disproportionately impacts non-Hispanic Black women, who experience nearly

twice the rate observed in non-Hispanic White women. Despite decades of research, the biolog-
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ical and social mechanisms underlying PTB remain incompletely understood, limiting effective

early prediction and prevention strategies. PTB is not a single disease entity but a multifactorial

syndrome arising from complex interactions among maternal and fetal genetic factors, clinical con-

ditions, biomarkers, nutrition, and psychosocial stressors. This heterogeneity is further complicated

by distinct PTB phenotypes, primarily spontaneous and medically indicated PTB, which may share

overlapping pathways yet diverge in etiology and clinical presentation. Traditional clinical risk as-

sessment tools—such as cervical length measurement and fetal fibronectin testing—offer limited

predictive power, particularly for spontaneous PTB.

Advances in genomics and transcriptomics have expanded efforts to identify molecular predic-

tors of PTB, including genome-wide association studies (GWAS), gene expression profiling, and

polygenic risk scores. However, these approaches have yielded few reproducible signals, often due

to small effect sizes, limited sample diversity, and insufficient integration with clinical and environ-

mental factors. Notably, most large-scale genetic studies of PTB have focused on European ancestry

populations, reducing generalizability and contributing to poor predictive performance in high-

risk, underrepresented groups. Recent studies increasingly emphasize the importance of integrative,

multi-modal approaches that jointly model genetic variation, gene expression, biomarkers, and psy-

chosocial determinants. Such approaches better reflect the biological and social complexity of PTB

but introduce new analytical challenges, including heterogeneous data types, missingness, limited

sample sizes, and trade-offs between model performance and interpretability. Existing analytical

pipelines often address these modalities in isolation or rely on highly complex models that are diffi-

cult to interpret in clinical settings.

To address these gaps, we present a methodological framework for multi-modal PTB risk mod-

eling using a uniquely characterized cohort composed exclusively of non-Hispanic Black women.

Our approach integrates clinical and psychosocial variables, inflammatory cytokines, nutritional

biomarkers, genome-wide genotype data, and whole-blood transcriptomic profiles within an in-
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terpretable machine-learning framework. Rather than optimizing for maximal predictive accuracy

alone, we emphasize model stability, transparency, and reproducibility, enabling systematic eval-

uation of how each data modality contributes to PTB risk prediction. This work is positioned as

a methods-focused contribution, providing a scalable and population-inclusive pipeline for PTB

research. By explicitly addressing data harmonization, modality integration, and interpretability

constraints, our framework lays the groundwork for future biological pathway analyses and transla-

tional applications aimed at reducing persistent disparities in preterm birth outcomes.

1.2 Clinical Conditions

Preterm birth (PTB) arises frommultiple biological pathways and is commonly classified as either

spontaneous or medically indicated. Spontaneous PTB includes preterm labor and premature rup-

ture of membranes and is often associated with inflammation, infection, or uterine overdistension,

making it particularly difficult to predict. Medically indicated PTB3 typically results frommaternal

or fetal complications such as hypertensive disorders (e.g., preeclampsia22), fetal growth restriction,

or placental insufficiency. Although these subtypes share some overlapping mechanisms, including

immune activation and placental dysfunction, they also involve distinct biological processes. Ana-

lytically separating these phenotypes is therefore important to reduce signal dilution and improve

biological interpretability.

Well-established clinical risk factors for PTB include a prior history of preterm delivery, extremes

of maternal age, low pre-pregnancy body mass index (BMI), limited prenatal care, and exposure

to psychosocial stressors6 or substance use. Identifying individuals at elevated risk enables earlier

intervention and more targeted clinical management, which are critical for improving maternal and

neonatal outcomes.

Clinical assessment of PTB risk relies on a combination of symptoms, imaging, and biochemical
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markers. Key diagnostic indicators include uterine contractions accompanied by cervical dilation

or effacement before term. Transvaginal ultrasonography is commonly used to measure cervical

length, with a shortened cervix serving as a strong predictor of preterm risk5. In addition, biochem-

ical markers such as fetal fibronectin in cervicovaginal secretions provide complementary prognostic

information.

1.3 Genetic Factors

Genetic variation plays an important role in preterm birth (PTB), and genome-wide association

studies (GWAS) have been used to identify genetic contributors to gestational duration and PTB

risk. However, GWAS findings have been limited by small effect sizes and low reproducibility. In

addition, most existing studies are based on European ancestry populations, which limits generaliz-

ability and reduces the effectiveness of polygenic risk scores in non-Hispanic Black women11.

Several single nucleotide polymorphisms (SNPs) associated with spontaneous PTB have been

reported, particularly in genes related to inflammation, hormonal regulation, and placental func-

tion15. Both maternal and fetal genetic factors contribute to PTB risk, though their individual ef-

fects are difficult to disentangle, reflecting the polygenic and heterogeneous nature of the condition.

Genetic analyses are further complicated by clinical heterogeneity, including differences between

spontaneous and medically indicated PTB3. Accounting for phenotype-specific variation is there-

fore critical for improving biological interpretation and reducing signal dilution. Together, these

limitations highlight the need for integrative approaches that combine genetic data with clinical and

environmental context.
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1.4 Biomarkers andNutritional aspects

Maternal nutrition plays a crucial role in achieving favorable birth outcomes. Several studies have

explored the relationship between the consumption of nutrients or specific foods and the risk of

adverse birth outcomes.

Assessing Vitamin D levels and other biomarkers such as VDBP (Vitamin D Binding Protein), IL-6,

IL-8, IL-10, TNF-Alpha, CRP become very essential to study the mechanisms and interplay affect-

ing PTB and risks associated5 21 4. For example, adequate Vitamin D levels during pregnancy are

linked to reduced risks of preterm birth2. It supports immune function, placental development,

and anti-inflammatory responses, which may help maintain pregnancy to term.

For future studies, approaches to nutrition and particularly the supplementation of key micronu-

trients like zinc, magnesium, and calcium, which have been increasingly studied for their potential

influence on preterm birth outcome need to be considered.

Overall, it is important to ensure adequate intake of these nutrients during pregnancy which can be

a preventive strategy against preterm birth, especially in high-risk or nutrient-deficient populations.

1.5 Psychosocial Stressors and Factors

Psychosocial factors are well-established9 contributors to preterm birth (PTB). Elevated stress6,

anxiety1, depression16,13,14, and limited social support during pregnancy have been associated with

increased PTB risk. Chronic stress and sleep disturbance may influence hormonal regulation and

inflammatory pathways that affect the timing of labor. Additional risk factors include exposure to

domestic violence, financial hardship, and social isolation, which may also indirectly affect PTB risk

through altered health behaviors such as poor nutrition or inconsistent prenatal care.

Social and environmental conditions further shape psychosocial risk.18 Neighborhood-level

stressors, including poverty, pollution, violence, and reduced access to healthcare, have been linked
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to adverse pregnancy outcomes7. These stressors disproportionately affect non-Hispanic Black

women, who are more likely to experience structural disadvantage and racial discrimination8, both

of which have been associated with increased PTB risk.

Together, these findings highlight the importance of incorporating psychosocial and environ-

mental factors into PTB research, particularly in studies focused on high-risk and underrepresented

populations.

1.6 RecentWork

Recent work has applied machine learning methods to PTB prediction using clinical and electronic

health record data, often reporting improved predictive performance compared to conventional sta-

tistical models17. Other studies have explored biomarker-based or multi-omics approaches, integrat-

ing genomic, transcriptomic, or proteomic signals to capture underlying biological mechanisms19.

However, most of these models are developed in mixed-ancestry or predominantly European-

ancestry cohorts and prioritize overall predictive accuracy rather than interpretability or population-

specific generalization.

A smaller body of work has examined PTB risk through demographic or race–aware analyses,

highlighting the importance of psychosocial stressors and social determinants of health among non-

Hispanic Black women20. These studies typically rely on clinical or psychosocial variables alone and

do not integrate high-dimensional biological data. Consequently, there remains a gap in PTBmod-

eling approaches that are both multimodal and explicitly designed for high-risk, underrepresented

populations.
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2
Results

2.1 Study Design and Cohort Description

This study employs a retrospective case–cohort design using data from the Biosocial Impact on Black

Births (BIBB) study, a longitudinal cohort that recruited non-Hispanic Black pregnant women from

Wayne State University (Detroit, MI) and The Ohio State University (Columbus, OH). All study

procedures were approved by the respective Institutional Review Boards, and written informed
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consent was obtained from all participants. The present work constitutes a secondary analysis of this

cohort.

Eligible participants were adults aged 18 years or older with singleton pregnancies. Individuals

were excluded if they reported endocrine disorders, prenatal corticosteroid exposure prior to re-

cruitment, in vitro fertilization, major fetal or chromosomal anomalies, or substantial substance

use during pregnancy. Due to differences in data availability and quality control requirements, the

effective sample size varied across data modalities.

2.2 Overall model comparison

Model Accuracy ROC‑AUC PR‑AUC
Model 1 (clinical + cytokine) [0.65± 0.11] [0.70± 0.11] [0.57± 0.17]
Model 2 (+ SNPs) [0.72± 0.04] [0.78± 0.10] [0.67± 0.13]
Model 3 (+ RNA‑seq) [0.79± 0.10] [0.92± 0.03] [0.93± 0.04]

Table 2.1: Cross‐validated performance across models (mean± SD).

Table 2.1 summarizes cross‑validated performance across the three models (mean± SD across 5

folds). We compared three predictive models that progressively incorporate additional data modal-

ities from the BIBB cohort. Model 1 uses clinical/psychosocial and biomarker features; Model 2

adds genotype-derived features; andModel 3 further adds transcriptomic features (gene-level TPM).

All models were evaluated under the same stratified cross-validation protocol to ensure a fair com-

parison. Overall, we observe a consistent performance improvement as additional modalities are

included. Relative to Model 1, Model 2 shows a modest gain in discriminative performance (e.g.,

AUROC from 0.70 to 0.78), suggesting that genotype features contribute complementary signal

beyond clinical and biomarker data. Model 3 achieves the strongest performance across metrics (e.g.,

AUROC 0.92 and AUPRC 0.93), indicating that transcriptomic features provide additional pre-

dictive information not captured by the other modalities.
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We also note that Model 3 exhibits more stable performance across folds (lower variance in Ta-

ble 2.1), which is consistent with improved generalization when transcriptomic information is

included. The ROC and precision–recall curves for each model are shown in Figures 2.5, which

visually reinforce the ranking observed in the aggregate metrics.

2.2.1 SHAP

To interpret model predictions, we used SHapley Additive exPlanations (SHAP), a model-agnostic

framework based on cooperative game theory. SHAP values quantify the contribution of each fea-

ture to an individual prediction by fairly distributing the model output among input features. This

approach provides both local and global explanations and has been widely adopted for interpret-

ing machine learning models. We report feature importance based on mean absolute SHAP values

across cross-validation folds12. SHAP values were computed for each fold to assess feature impor-

tance, directionality, and stability across models. Particular attention was given to differences be-

tween the strongest and weakest performing folds to evaluate robustness.

We grouped features by shared clinical or biological context and used these groupings only for

visualization. SHAP plots were color‑coded by group to improve readability and to check for broad,

group‑level patterns. These groupings are not model inputs or constraints; they are purely interpre-

tive (see table 2.2 ).

2.3 Model 1: Clinical + Cytokine

Performance. Figure 2.1 shows ROC and PR curves for all folds and the overall average;

Interpretability. Figures 2.2a and 2.2b report SHAP summaries for the best and worst folds.
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Group Features (readable labels) Color label
Physical Weight, BMI, Height Blue
Vitamin Vitamin D (25OHD), VDBP Orange
Psychosocial Social support, Discrimination, CESD Green
Socioeconomic Income, Education, Insurance, Work status, Marital status,

Nicotine use
Red

Medical Asthma, HTN history, Thyroid, Diabetes, Heart, Kidney,
Pregnancy HTN, Age

Purple

Cytokine IFN-γ, IL-6, IL-8, IL-10, TNF-α, MIF, CRP (T1/T2) Brown
SNP rs73160620, rs11980802 (dosage) Pink
Gene expression RN7SL1, RN7SK, RN7SL2, MIR3648-1, RMRP, RPPH1,

MT-ATP8, MALAT1, MT-ND4L, ALAS2
Teal

Table 2.2: SHAP feature groupings and plot color labels.

Figure 2.1: Model 1 ROC and PR curves (5‐fold CV + overall).

(a) Best fold (b)Worst fold

Figure 2.2: Model 1 SHAP summaries.
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Interpretation (Model 1). SHAP highlights clinical and cytokine drivers, with psychosocial

stress measures, vitamin D–related markers, and baseline inflammatory cytokines among the strongest

contributors. The best‑fold plot shows consistent directional effects for these features, while the

worst‑fold plot reflects greater dispersion, suggesting some instability in smaller subsets.

2.4 Model 2: + SNPs

Performance. Figure 2.3 (ROC) and (PR). Interpretability. Figures 2.4a and 2.4b.

Figure 2.3: Model 2 ROC and PR curves (5‐fold CV + overall).
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(a) Best fold (b)Worst fold

Figure 2.4: Model 2 SHAP summaries.

Interpretation (Model 2). After adding the two GWAS SNPs, SHAP shows whether genetic

dosages enter the top‑ranked features alongside clinical and cytokine signals. Overall patterns remain

dominated by clinical/biomarker variables, indicating the SNP features provide incremental but

limited explanatory shift in this cohort.

2.5 Model 3: + RNA‑seq

Performance. Figure 2.5 (ROC) and (PR). Interpretability. Figures 2.6a and 2.6b.
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Figure 2.5: Model 3 ROC and PR curves (5‐fold CV + overall).

(a) Best fold (b)Worst fold

Figure 2.6: Model 3 SHAP summaries.

Interpretation (Model 3).With RNA‑seq TPM features (top‑variance k=10), SHAP shows a

mixed set of transcriptomic and clinical features near the top of the ranking. The best‑fold plot sug-

gests added biological signal from expression features, while the worst‑fold plot indicates variability

consistent with the reduced sample size.
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2.6 Exploratory Transcriptomic Analysis

[Permutation Enrichment; DAVIDClustering ] For participants with available RNA sequencing

data, exploratory analyses were conducted to examine gene-level signals associated with PTB. Dif-

ferential expression and permutation-based enrichment analyses were performed to identify biologi-

cally relevant patterns. Functional annotation and clustering were carried out using established gene

ontology resources.

These analyses were exploratory and intended to support biological interpretation rather than

definitive pathway inference.
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3
Discussion

From a technical perspective, we designed a sequence of nested models to test whether incremen-

tally adding modalities improves predictive performance. Specifically, we compared models using

(i) clinical/psychosocial and biomarker variables, then adding (ii) genotype-derived features, and

finally adding (iii) RNA-seq gene expression summarized as TPM. Although performance tended

to improve as modalities were added, this pattern should be interpreted cautiously because addi-

tional modalities can also introduce noise, missingness, and higher dimensionality. To prioritize
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interpretability and reduce overfitting risk in a small-sample, high-dimensional setting, we used reg-

ularized logistic regression and interpreted feature contributions using SHAP. As expected, Model 1

provides the most straightforward and stable attributions, since it uses fewer features and includes

the largest sample size (approximately 180 participants) among the three models. Model 1 achieved

an accuracy of 0.65, which is informative but should be interpreted alongside AUROC/AUPRC

given potential class imbalance. In Model 1, self-reported CESD discrimination measures emerged

as an important predictor, consistent with [prior work] linking psychosocial stressors to adverse

birth outcomes. Additional high-impact features included maternal weight/BMI-related variables,

hypertensive disorders, and vitamin D–related markers (e.g., plasma 25(OH)D and VDBP), along

with indicators of prior pregnancy history and comorbid conditions. To assess stability and improve

transparency, we also examined the lowest-performing fold and confirmed that the highest-ranked

predictors were broadly consistent between the best and worst folds.

Models 2 and 3 incorporate additional modalities and derived features beyond the baseline fea-

ture set. Both models achieve higher predictive performance, and notably Model 3 also shows higher

and more consistent PR-AUC across folds, as reflected by a PR-AUC of 0.93. A trade-off of in-

creased model complexity and feature dimensionality is that SHAP-based rankings can appear less

consistent across folds, with the relative ordering of top predictors shifting compared toModel 1.

These can also be attributed to feature correlation, added modalities, and smaller n. Importantly,

many of the high-impact predictors fromModel 1 remain influential, although their relative contri-

butions change once genomic and transcriptomic information is included. Because Models 2 and 3

are trained on a smaller subset of participants (due to modality availability), improvements in per-

formance should be interpreted alongside the possibility of increased overfitting risk and less stable

attribution estimates. We reduced this risk by using regularized logistic regression, strictly separating

training and evaluation splits, and ensuring that all preprocessing steps were fit on training data only

to prevent data leakage. [In addition, we repeated the evaluation with multiple random seeds and
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observed consistent performance trends.] [Only claim this if you can report the spread; otherwise,

maybe soften to “we also verified…”]

This study makes a distinct contribution by focusing on a historically underrepresented and

potentially vulnerable population, which remains understudied in genomic and multimodal PTB

research. Studies in this setting are challenging because well-phenotyped multimodal datasets are

limited in availability, particularly for ancestry-specific cohorts. We therefore aimed to maximize the

value of the available data by conducting a comprehensive set of analyses while maintaining con-

sistent evaluation procedures across model variants. Overall, the resulting models are broadly con-

sistent with prior PTB literature, and the multimodal approach achieves competitive performance

relative to prior studies in comparable ancestry-specific or small-cohort settings.

3.1 Comparison

Look at the literature and write comparisons to other recent PTB studies of PR [Maybe its not re-

quired since I have background and related works ?]

3.2 Limitations

A primary limitation of this study is incomplete modality availability across participants, which

required restricting Models 2 and 3 to smaller analytic subsets. As a result, the three models are

not directly comparable in a strictly controlled sense, because they were trained and evaluated on

different sample sizes (and potentially different participant subsets).

The overall cohort size is modest, which increases the risk of overfitting and contributes to higher

variance in cross-validation performance and feature attributions. In addition, Models 2 and 3 in-

clude [derived/engineered] features (e.g., modality-specific summaries), which may be more sensitive

to preprocessing choices than directly measured clinical variables.
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To reduce bias frommissingness, we made conservative decisions to exclude features or partic-

ipants with substantial missing data rather than relying on aggressive imputation or externally de-

rived values. While this improves internal validity, it further reduces the effective sample size and

may limit generalizability. Finally, multi modal datasets in historically underrepresented popula-

tions remain difficult to acquire at scale, and therefore external validation in independent cohorts is

an important next step.

3.3 Implications

Model 3 achieved strong discriminative performance (AUROC≈ 0.97). However, the model relies

on high-burden multimodal inputs (e.g., genotyping and RNA-seq), which may limit near-term

clinical feasibility due to cost, turnaround time, and data availability across settings.

Accordingly, the primary contribution of this study is not to propose an immediately deployable

clinical tool, but to identify candidate correlates and potential biomarkers associated with PTB risk

in this cohort. Many of the highest-impact predictors are consistent with prior PTB literature, sup-

porting the biological plausibility of the learned signals. In addition, several candidate SNPs and

top-ranked transcriptomic features (genes) emerged as influential in Models 2 and 3. These candi-

dates appear to have limited prior evidence in PTB-specific studies and therefore warrant follow-up

validation in independent cohorts and, where feasible, functional characterization.
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4
Methods

4.1 DataModalities

Multiple data modalities were incorporated, including clinical, psychosocial, biomarker, genomic,

and transcriptomic data. Clinical variables included maternal demographics, obstetric history, and

prenatal characteristics. Psychosocial measures captured depressive symptoms and experiences of

discrimination. Biomarker data consisted of inflammatory cytokines and vitamin D–related mea-
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sures. Genomic data were derived from SNP array genotyping, while transcriptomic data were ob-

tained from whole-blood RNA sequencing for a subset of participants.

A summary of data modalities and sample sizes is provided in Table 4.1.

Data modality Sample size Number of features
Clinical / psychosocial N = 184 36
Biomarkers / cytokines N = 183 75
Genomic (SNPs / PCs) N = 158 2
Transcriptomic (RNA-seq) N = 70 10

Table 4.1: Summary of data modalities and sample sizes. ”Number of features” is available but not all of them are used in
the model. Genomic has 2 features meaning we identified 2 SNPs for analysis.

4.2 clinical data

Clinical data were obtained from the BIBB cohort and included records for N=184 participants.

The clinical feature set included vitamin D–related markers (Plasma 25OHD, VDBP), anthropo-

metrics (weight, BMI, height), psychosocial measures (social support, discrimination, depressive

symptoms), socioeconomic indicators (income, education, insurance, work status, marital status,

nicotine use), and medical history variables (asthma, hypertension‑related markers, thyroid disease,

diabetes, heart and kidney problems, pregnancy hypertension, current age). All continuous variables

were standardized prior to modeling, and missing values were handled.

4.3 Cytokines data

As part of the BIBB study, cytokine measurements were collected at multiple pregnancy timepoints

corresponding to first-, second-, and third-trimester study visits. Plasma inflammatory cytokine

biomarkers, including IFN-γ, IL-6, IL-8, IL-10, TNF-α, MIF, and CRP, were measured forN =
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183 participants. All continuous variables were standardized prior to modeling, and missing values

were handled.

4.4 Genomic data

Genotype data were available forN = 158 participants and stored as VCF/PLINK files (hg38). The

dataset includes genome‑wide SNP genotypes per individual, with sample IDs aligned to the clinical

cohort. GWAS summary outputs (Manhattan/QQ plots and top‑hit tables) were generated from

these genotypes.

Preprocessing. Genome‑wide association analysis used cohort‑wide genotypes with PTB case–

control status. Standard QC filtered low‑quality variants/samples (call‑rate, MAF, HWE), and an-

cestry PCs were included as covariates. Logistic regression tested SNP associations with PTB, pro-

ducing ORs/p‑values andManhattan/QQ plots. Suggestive SNPs (e.g., rs73160620, rs11980802)

were carried forward as candidate features.

SNP dosage was computed from VCF genotypes as the alternate‑allele count: 0 = homozygous

reference, 1 = heterozygous, 2 = homozygous alternate; missing calls were coded as NaN.

4.5 RNA-seq data

RNA sequencing data were available for a subset of the cohortN = 70. Whole-blood samples were

processed to generate paired-end FASTQ files, and gene expression was quantified at the transcript

and gene level for downstream analysis.

4.5.1 PCs and TPM

Genotype principal components (PCs)were computed from the quality controlled (QC) SNP

data to capture population structure. After standard GWASQC (call rate/MAF/HWE filters),
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we used PLINK’s PCA routine to derive eigenvectors from the genotype matrix. The resulting

PCA.eigenvec file provides per‑participant PC scores; we retained the first five PCs as covariates to

adjust for ancestry‑related variation. When we included these PCs in the third model, the model

consistently overfit in our small cohort. We did not identify a clear cause despite additional checks,

and the issue persisted even when using only 2 PCs. Given this instability, we prioritized other pa-

tient‑level features.

RNA‑seq gene expression was quantified using Salmon on paired‑end FASTQ files with a GRCh38/Gencode

transcriptome index. Salmon produced transcript‑level abundances per sample, which were sum-

marized to gene‑level expression with tximport, yielding a TPM (Transcripts Per Million) ma-

trix (gene_tpm.tsv). TPM normalizes for gene length and library size, making expression values

comparable across genes and samples. In our experiments, TPM‑based features produced more sta-

ble cross‑validated metrics across runs, so we used TPM in the final model. A fixed top‑variance

RNA‑seq panel (k=10) was used, and performance was assessed with stratified 5‑fold CV so each

validation fold was fully held out and had a similar case/termmix.

Additional exploratory analyses that are not directly related to the primary objectives, but may

inform future work, are reported in Section 2.6.

Preprocessing. Raw reads were quantified against the hg38 reference transcriptome, and transcript-

level abundances were aggregated to gene-level expression. Expression values were normalized as

transcripts per million (TPM) to enable cross-sample comparison. For modeling, gene-level TPM

matrices were used, and a reduced feature set was constructed from the most variable genes to mit-

igate dimensionality and the limited sample overlap with other modalities. More information is

provided in 4.5.1
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4.6 Missing Values

During data evaluation, missing values (NaN or null entries) were encountered across multiple

variables. Several approaches exist for handling missing data, including imputation; however, given

that these are medical records and are inherently noisy, imputation may introduce additional bias.

Instead, samples containing missing values were removed. Although this decision reduced an already

limited sample size, it allowed for a more reliable evaluation using complete observations without

introducing imputation-related noise.

4.7 Outcome Definition

The primary outcome of interest was preterm birth (PTB). Gestational age at delivery was obtained

from clinical records. For modeling purposes, outcomes were treated as a binary classification prob-

lem distinguishing preterm and term births.

4.8 Modeling Framework

We adopted a stepwise modeling strategy to evaluate the incremental contribution of each data

modality. Three primary models were constructed:

• Model 1: clinical, psychosocial, and biomarker features

• Model 2: Model 1 augmented with genomic features

• Model 3: Model 2 further augmented with transcriptomic features

All models were implemented using L2-regularized logistic regression, selected for its balance

between predictive performance and interpretability. The probability of preterm birth was modeled

as:
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P(Y = 1 | x) = 1
1+ exp (−(wTx+ b))

(4.1)

where x denotes the feature vector,w the learned coefficients, and b the intercept. Regularization

strength was fixed across experiments to promote model stability.

4.8.1 model 1

Model 1 uses the clinical and cytokine data described in Sections 4.2 and 4.3. These inputs require

minimal preprocessing beyond standard normalization for comparable scaling. We treated this as

the cleanest, low‑dimensional model and expected it to be the most stable baseline, with added

modalities potentially reducing stability. This assumption did not hold without additional tuning

for the expanded models. Rawmetrics are reported in the Results section.

After ID harmonization and missing‑value filtering, the modeling frame comprised 174 partici-

pants and 29 predictors.

4.8.2 model 2

Model 2 extends Model 1 by adding genomic features from the GWAS summary (see Section 4.4).

Two suggestive SNPs (rs73160620, rs11980802) were selected as candidate variants and encoded as

alternate‑allele dosages (0/1/2; missing calls as NaN). Genotype sample IDs were cleaned to align

with clinical PTIDs before merging, and the added genomic features reduced the usable cohort due

to missing overlap. The resulting modeling frame comprised 151 participants with 32 predictors,

capturing clinical, cytokine, and targeted genetic signals. Evaluation followed the shared procedure

described in the Model Evaluation subsection 4.8.4.
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4.8.3 model 3

Model 3 augments Model 2 by adding transcriptomic features from the RNA‑seq subset (see Sec-

tion 4.5). Gene‑level TPMmatrices were aligned to the clinical/cytokine/SNP cohort through

PTID harmonization. To avoid overfitting given the high dimensionality of expression data, a fixed

panel of the most variable genes across the RNA‑seq samples was selected and appended as expres-

sion features. This integration substantially reduced the usable cohort because RNA‑seq was avail-

able for fewer participants, yielding a final modeling frame of 59 participants with 42 predictors

spanning clinical, cytokine, genomic, and transcriptomic signals. Evaluation followed the shared

procedure described in the Model Evaluation subsection 4.8.4.

4.8.4 Model Evaluation

Figure 4.1: Schematic of the 5 fold cross‐validation

Model performance was assessed using stratified 5-fold cross-validation to preserve outcome class

balance across folds. Due to limited sample sizes, no separate hold-out test set was used. Evaluation

metrics included accuracy, area under the receiver operating characteristic curve (ROC-AUC), and

area under the precision–recall curve (PR-AUC)
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An overview of the evaluation procedure is illustrated in Figure 4.1.

4.9 Experiment Design

Our experiment design compared three nested models to quantify how each modality alters predic-

tive performance and interpretability. Model 1 served as the baseline using low‑dimensional clinical

and cytokine data. Model 2 added targeted genetic features derived from GWAS top hits, andModel

3 incorporated transcriptomic features selected from RNA‑seq. The same modeling pipeline and

evaluation protocol were applied across models to ensure comparability. We used SHAP to examine

feature importance and robustness, focusing on best and worst folds to assess stability.

Model performance was evaluated using accuracy, ROC-AUC, and PR-AUC, which are stan-

dard metrics for binary classification. PR-AUCwas emphasized due to class imbalance in the dataset,

as it more directly reflects performance on the minority class and penalizes false positives and false

negatives. For this reason, PR-AUCwas used as the primary metric for comparison with prior work.

SNP features were limited to a small set of suggestive GWAS hits (e.g., rs73160620, rs11980802)

to balance biological relevance with sample size and model stability. Each SNP was encoded as

dosage (0/1/2 alternate‑allele count), providing a compact genetic signal without introducing thou-

sands of sparse predictors. This targeted approach reduces overfitting risk in a small cohort while

allowing us to test whether top GWAS signals add incremental predictive value.
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5
Conclusion

5.1 Conclusion

In this work, we presented a multi-modal framework for preterm birth (PTB) risk modeling that

integrates clinical, psychosocial, biomarker, genomic, and transcriptomic data within a single analyt-

ical pipeline. By adopting a stepwise modeling strategy, we evaluated the incremental contribution

of each data modality and demonstrated improved predictive performance with the inclusion of
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genomic and transcriptomic features. Importantly, the use of interpretable models enabled exami-

nation of feature-level contributions while maintaining model stability in a limited-sample setting.

This study emphasizes the importance of considering PTB as a multifactorial condition influ-

enced by biological, clinical, and social determinants. Focusing on a cohort of non-Hispanic Black

women, a population that is both underrepresented in prior genomic studies and disproportion-

ately affected by PTB, allowed us to address important gaps in existing literature. Together, our

findings support the value of integrative, population-aware modeling approaches for PTB risk as-

sessment.

5.2 Challenges and Limitations

Several limitations should be considered when interpreting the results of this study. First, sample

size constraints, particularly for genomic and transcriptomic data, limited statistical power and ne-

cessitated the use of cross-validation rather than an independent hold-out test set. Differences in

data availability across modalities also resulted in varying effective sample sizes, which may influence

model comparisons.

Second, PTB is a clinically heterogeneous condition, and although phenotype-aware considera-

tions were incorporated where possible, residual heterogeneity may still dilute biological signals. In

addition, genomic analyses were limited by modest effect sizes and the complexity of disentangling

maternal and fetal genetic contributions.

Finally, while interpretable modeling was prioritized, biological interpretation of certain features—

particularly transcriptomic signals—remains challenging. The findings from enrichment and path-

way analyses should therefore be viewed as exploratory and hypothesis-generating rather than defini-

tive.
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5.3 Future Directions

Future work will focus on expanding this framework through larger and more diverse cohorts to im-

prove generalizability and model robustness. Increasing sample size, particularly for transcriptomic

data, will enable more stable estimation of feature effects and facilitate independent validation of

model performance.

Additional modeling strategies, including alternative regularization schemes and non-linear ap-

proaches, may be explored to capture more complex interactions while maintaining interpretability.

Further refinement of phenotype stratification, such as separating spontaneous and medically indi-

cated PTB, may also enhance biological relevance.

Finally, deeper investigation of genomic and transcriptomic signals through targeted pathway

analysis and replication studies will be essential for translating predictive findings into biological

insight. Ultimately, this work aims to contribute toward clinically meaningful and equitable risk

assessment tools for preterm birth.
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