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Introduction Approximately 1-5% of pregnant women experience recurrent pregnancy loss (RPL). Early
detection and evaluation of high-risk variables allow for the initiation of recommended treatments
while also reducing the likelihood of RPL in these couples. Objective The goal of this study was to
build a deep learning model to identify an immune-lifestyle pattern in RPL patients based on clinical
and laboratory findings. Methods We retrospectively collected the data from 16,818 RPL patients
and 19,979 healthy women from across five clinics throughout Iran from December 2014 to April
2024. Fundamental population size and laboratory symptoms were gathered from the all-available
data of participants. Data preprocessing involved cleaning and partitioning the data into training and
validation groups. We used 22 characteristics to identify patterns via a deep learning model (TabNet).
The model performance was evaluated using a confusion matrix, precision-recall curve, calibration
plot, and Receiver Operating Characteristics (ROC) curve. Results The model showed robust and
practical performance in identifying an immunological pattern based on the selected variables. The
model yielded an AUC of 0.985, an accuracy of 0.946, a precision of 0.936, a specificity of 0.921, and
a sensitivity of 0.968. Over-fitting was mitigated via repeated 5-fold cross validation (CV); no feature
leakage detected. Conclusion Patterns linking immune and lifestyle factors to pregnancy loss were
identified with high reliability using a deep learning approach. These findings may support a deeper
understanding of the biological mechanisms underlying RPL and help guide the development of
targeted treatment strategies.
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According to European Society of Human Reproduction and Embryology (ESHRE) guideline recurrent
pregnancy loss (RPL) is characterized as at least two consecutive pregnancy failures before the 24th week of
pregnancy’. In 50% of RPL cases, no identifiable etiology has been found, which is known as unexplained RPL
(uRPL)% RPL affects approximately 1-5% of women who are trying to conceive. The intricacy and difficulty
of RPL in reproductive medicine have raised concerns and anxiety among couples of reproductive age, and it

Immunology Research Center, Tabriz University of Medical Sciences, Tabriz, Iran. 2Department of Immunology,
School of Medicine, Tabriz University of Medical Sciences, Tabriz, Iran. 3Department of Obstetrics and Gynecology,
School of Medicine, Shiraz University of Medical Sciences, Shiraz, Iran. “Infertility Research Center, Shiraz
University of Medical Sciences, Shiraz, Iran. *Gynecology Department, Eastern Azerbaijan ACECR ART center,
Eastern Azerbaijan branch of ACECR, Tabriz, Iran. ®Department of Obstetrics and Gynecology, School of Medicine,
Arak University of Medical Sciences, Arak, Iran. "Mirza Koochak Khan Infertility Center, Tehran University of Medical
Sciences, Tehran, Iran. ®Department of Allergy and Clinical Immunology, Pediatric Hospital, Tabriz University of
Medical Sciences, Tabriz, Iran. °Sanofi Medical Department, Tehran, Iran. 1°Samar Centre of Infertility and Recurrent
Miscarriages, Shiraz, Iran. MiFertility Technologies, Melbourne, Australia. *“email: yousefime @tbzmed.ac.ir

Scientific Reports | (2026) 16:8250 | https://doi.org/10.1038/s41598-026-38941-6 nature portfolio


http://orcid.org/0000-0003-4455-7858
http://orcid.org/0000-0002-6210-330X
http://orcid.org/0000-0003-0099-6728
http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-026-38941-6&domain=pdf&date_stamp=2026-2-9

www.nature.com/scientificreports/

imposes a significant psychological load on patients®. Studies demonstrate that the probability of re-miscarriage
increases with a significant history of prior losses®. As a result, progress toward reliable diagnosis and early
prediction of recurrent miscarriage is stalled.

Various risk factors are involved in the development of RPL, including: genetic or acquired abnormalities,
immune system disorders, abnormal karyotypes, endocrine system, maternal age, lifestyle and environmental
factors™®. Among the numerous risk factors associated with RPL, several have been extensively studied to have
notable effects on the pregnancy outcome. Notably, age, BMI, alcohol use, smoking status, vitamin D,, thyroid
stimulating hormone (TSH), T-helper 1 (Th1)/Th2 ratio, T-cell (CD3), B-cells (CD19), helper T-cells (CD3/
CD4), cytotoxic T-cells (CD3/CD8), Natural Killer (NK) cells (CD16/56), antiphospholipid antibody (aPL),
anti-b2 glycoprotein antibody, anti-transglutaminase (TTG) antibody, antinuclear antibodies (ANAs), anti-ds-
DNA, anti-thyroperoxidase (TPO) antibodies, and anti-thyroglobulin (TG) antibodies are among most studied
risk factors’ 12,

BMI and age have well known effect on fertility and RPL. It's commonly understood that increased BMI
can cause elevated levels of oxidative stress and systemic inflammation, decreased uterine acceptance, impaired
oocyte metabolism and maturation, and metabolic syndrome, all of which are linked to dire reproductive
results!®. Smoking and alcohol use are powerful indicators of increased risk of pregnancy loss®. Cytotoxic T-cells
and Th cells are essential for immune tolerance during pregnancy. Disruptions in the balance between these cell
types may lead to immune-related infertility or RPL’. Moreover, In the first trimester, a shift toward Th1-like
cells and cytokines creates the aseptic inflammation needed for embryo implantation. Predominance of Th2
responses is necessary after implantation preserving the fetus and balance the Th1 responses”!*. Both peripheral
and decidual NK cells frequency and cytotoxicity are associated with RPL'. Thyroid dysfunction is a prevalent
endocrine condition that affects 2-3% of women during their reproductive years and has been identified as a
possible cause of RPL!C. Furthermore, while the exact mechanism of most of autoantibodies such as aPL, anti-
thyroid antibodies, ANAs and anti-TTG are not clear, their pathologic role suggest a possible involvement in
RPL!S.

Risk prediction models are widely used in the study of complicated diseases, particularly to analyze the
association between baseline features and future outcomes in patients with specific conditions. Recently,
artificial intelligence (AI), more specifically machine learning (ML), has been applied as a consistent model and
forecasting tool'""'7-1%. For example, twenty ML algorithms have proven their robustness and adaptability across
a variety of biomedical domains by successfully predicting hospitalization risk among COVID-19 patients using
large clinical cohorts?, and in another study, two gradient-boosting algorithms, XGBoost and CatBoost used
both clinical and metabolic data for early type 2 diabetes risk prediction?!. In reproductive medicine, several
ML models have been developed to predict the pregnancy outcome using different characteristics. These models
allow for the easy incorporation of vast volumes of data in addition to the clinical information accessible in the
electronic health record (EHR) and the prognosis allows doctors to make suitable treatment options for patients.
Moreover, ML models can improve over time by recalibrating each time new data is entered. As a result, our goal
was to apply the risk probability deep learning model, TabNet, to identify the likelihood of an immune-lifestyle
problem in RPL patients.

Materials and methods

Clinical records and cohort definition

The data was collected from the Tehran, Shiraz, Ardebil, Mashhad, and Tabriz fertility centers between December
2014 to April 2024. Each clinic provided their various data sets after they internally removed any patient
identifiers. The dataset was then consolidated by the research team in prepared for analysis. Overall, the initial
data was consisting of 19,167 RPL patients and 22,325 healthy women. Following the application of exclusion
criteria, records were also removed if any numeric field (e.g., biomarker result or quantitative variable) contained
text, symbols, or other non-numeric entries. After these exclusions, a total of 36,797 data points (16,818 patients
and 19,979 healthy women) were included in the analysis. In some cases, the data came from patients with
pregnancy problems where both partners underwent a comprehensive workup and the issue was determined to
be male-related. Participants in the healthy group were followed up either by visiting the clinic and providing a
history, or via phone call.

All methods were carried out in accordance with relevant guidelines and regulations. This retrospective study
used fully de-identified datasets provided by participating clinics, each of which removed all patient identifiers
prior to data sharing. The consolidated dataset was used solely for research purposes to develop a deep learning
model. No human participants or human tissue samples were involved in this study. Due to the retrospective
nature of the study, Research Ethics Committee of Tabriz University of Medical Sciences waived the need of
obtaining informed consent. The study protocol was reviewed and approved by the Research Ethics Committee
of Tabriz University of Medical Sciences, under approval number IR. TBZMED.REC.1403.1084.

The latest ESHRE guidelines' on the definition of RPL were used to include patient data in the cohorts.
The inclusion criteria were as follows: 1) Women aged between 18 and 45 years who had experienced RPL that
meets the diagnostic criteria of the ESHRE'. The exclusion criteria included the following: (1) chromosomal
abnormalities, (2) Uterine anomalies, (3) Abnormal pregnancy outcomes such as ectopic pregnancy, and
hydatidiform mole, (4) lost to follow up, (5) Endocrine dysfunction such as hyperprolactinemia, (6) Chronic
endometritis, (7) Polyps, (8) Intrauterine adhesion, (9) Endometriosis, (10) Hydrosalpinx, 11) Adenomyosis,
12) Uterine Fibroids, 13) Abnormal ovarian reserve, 14) Mullerian abnormalities,, 15) Polycystic ovarian
syndrome (PCOS), 16) Inherited/Acquired thrombophilias, 17) antithrombin deficiency, 18) history of prior
immunological treatment, 19) infertility, and 20) male-related conditions. Figure 1 displays the patient selection
and workflow diagram.
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Fig. 1. Workflow and patient selection. We used strict criteria to exclude patients with anatomical and
gynecological anomalies.

Predictive variables and laboratory protocols
The main outcome of this study was to identify a pattern in RPL patients to determine whether an immune-
lifestyle issue was present. The following laboratory tests were performed as part of each patient’s routine
diagnostic workup at the fertility clinics, independent of this research study. Candidate variables were
classified into 5 categories: (1) Demographic characteristics: age, BMI, (2) Biochemical tests: Vitamin D3,
TSH, (3) Immune assays: Th1/Th2 ratio, CD3, CD16, CD19, CD56, CD3/CD4, CD3/CD8, CD16/56, and (4)
Measurement of autoantibodies: Antiphospholipid antibody (IgG, IgM), Anticardiolipin antibody (IgG, IgM),
Anti b2 glycoprotein antibody (IgG, IgM), Anti TTG antibody (IgG, IgA), ANA, Anti ds-DNA, Anti TPO, Anti
TG; and (5) Life style: smoking and alcohol use. These markers have been carefully chosen based on clinical
experience and published literature, as detailed in Table S1 (Supplementary File 1). Measurement methods and
normal ranges are also provided in the same file.

Clinical diagnostic tests were performed at least 12 weeks after the last pregnancy loss in RPL patients, and
12 weeks prior to a pregnancy in healthy women, both in luteal phase. This timing was selected as part of routine
clinical evaluation to support diagnosis and guide treatment planning. To minimize inter-center variability,
unified assay kits and thresholds were used in all centers.

Data preprocessing

Missing laboratory values occurred across several immune markers. Rather than filling these gaps using
statistical imputation, which can blur genuine biological differences, we used a single numeric placeholder (-1)
that lies outside the physiological range of every variable. This allowed the model to treat a missing value as its
own state rather than as an estimated number. TabNet is well suited to this strategy because its feature-selection
steps and attention masks are able to learn separate internal pathways for observed and absent inputs, preserving
the natural structure of the data without forcing assumptions about what a missing measurement “should” have
been?2. Conventional imputations, even simple mean or median replacement, can introduce bias and reduce the
clarity of relationships in clinical datasets, a limitation highlighted in recent reviews of missing-data handling in
deep learning?*?*. Using a single, consistent rule across all features also avoids discrepancies between training
and inference and keeps the preprocessing pipeline reproducible??-*%. To confirm that this approach did not
artificially influence model behavior, we compared the sentinel-based model with a complete-case version and
found that the latter produced lower AUC and poorer specificity. We also repeated the analysis after altering half
of the sentinel entries to a different placeholder and observed almost no change in performance, indicating that
the model was not dependent on the specific value itself. Overall, the sentinel strategy preserved the integrity of
the dataset while allowing the model to make use of all available records. Details of model fitting and validation
tests are provided in Table S2 (Supplementary File 1).
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Model architecture & training

We used a compact TabNet configuration (n_d =n_a=16) to reduce the risk of overfitting on our ~ 36,000-patient
dataset while maintaining clinical interpretability. Five attention steps (n_steps=5) with a moderate feature
reuse penalty (gamma=1.5) promoted diversity in feature selection, and a light sparsity regularizer (lambda_
sparse = le-4) encouraged meaningful feature attribution without compromising AUC. Training was stabilized
using Ghost Batch Normalization (2048 batch size with virtual batches of 256), and early stopping (patience =20,
max_epochs=300) was applied to the validation set only. The model was trained using fixed random seeds
(seed =42) with stratified 90/10 splits to ensure reproducibility and class balance across the train, and validation
sets. The decision threshold for classification was fixed at 0.5. All confusion-matrix values correspond to this
cutoff. Furthermore, the hyperparameters of the model were systematically constrained and predetermined in
accordance with established guidelines for the application of TabNet to clinical datasets of similar dimensions,
as opposed to being optimized for the purpose of maximizing performance metrics. This approach was used
to mitigate the risk of overfitting, improve stability across resampled folds, and maintain the interpretability of
feature attributions. Techniques such as early stopping and repeated cross-validation were employed to assess
generalization; however, comprehensive hyperparameter tuning or automated search methodologies were
purposefully eschewed to minimize post-hoc optimization bias. Consequently, the performance reported is
indicative of reproducible model behavior under biologically relevant constraints rather than representing the
peak of benchmark performance.

Because of its attention-based architecture, which permits transparent feature attribution and interaction
analysis, and its suitability for structured tabular clinical data, TabNet was chosen as the modelling framework
in advance?. Crucially, the goal of this study was not to compare and benchmark various machine learning
algorithms. Rather, to limit analytic flexibility and concentrate on biological pattern discovery, a single, pre-
specified architecture was employed. This strategy supports methodological continuity rather than post-hoc
model selection and is in line with the applied TabNet model to immunological risk stratification?.

Statistical analysis

We randomly divided the dataset into training and validation cohorts at a 9:1 ratio, where the former was utilized
for model development and the latter for internal validation. Continuous data with a normal distribution
are presented as mean * standard deviation (SD), while categorical variables are described using counts and
percentages. To compare the means across three groups, we used one-way ANOVA (analysis of variance) when
the assumptions of normality and homogeneity of variance were met. If these assumptions were violated, we
used a Kruskal-Wallis H test for a non-parametric alternative. For categorical data, chi-square test was used.
Moreover, logistic regression algorithm and multivariable regression analysis were employed with the training
group to generate odds ratios. P-value<0.5 was considered significant. The evaluation metrics for the model
comprised the AUC, the receiver operating characteristic curve (ROC), calibration plots, accuracy, precision,
recall, F1-score, and specificity. The model’s performance was assessed by comparing predicted and true values
using a confusion matrix.

Results

Baseline characteristics of patients

Overall, 19,979 healthy controls and 16,818 RPL patients were included in the study (Fig. 1). Table 1 presents the
pre-pregnancy characteristics of these individuals, including blood tests indicators and lifestyle factors of RPL
patients and healthy controls. To better understand the patient population, we divided RPL patients into two
groups of abnormal and normal tests, based on standard reference ranges. Abnormal tests were defined as values
falling outside the normal range. Significant differences were observed among these characteristics between
healthy controls, RPL patients with normal tests, and RPL patients with abnormal tests, except for Vitamin D,
(p=0.06). (Table 1). To ensure balanced representation across cohorts, the data were randomly shuffled and split
using stratified sampling, maintaining class proportions across the training, and validation sets.

Univariable and multivariable logistic regression analysis

Following univariable and multivariable logistic regression, most of the variables examined were found to be
significant independent predictors (p <0.05). Only the alcohol use (OR=0.87, 95% CI: 0.63-1.21), smoking
(OR=0.98, 95% CI: 0.81-1.18), vitamin D3 (OR=1.00, 95% CI: 1.00-1.00), and TSH (OR=0.98, 95% CI: 0.96—
1.00) were not significant risk factors. Odds ratios (95% CI) for all variables are reported in Table 2.

Performance of the TabNet model
According to the confusion matrix (Fig. 2A), the model produced high true-positive (TP=1,549) and true-
negative (TN =1,934) counts relative to false positives (FP =133) and false negatives (FN =64), indicating strong
classification accuracy and balanced discrimination across both outcome classes. As shown in Table 3, the TabNet
classifier achieved an accuracy of 0.946, specificity 0.921, and sensitivity 0.968 on the validation set (Fig. 2A).
The precision-recall curve (Fig. 2B) remained consistently high, underscoring reliability in imbalanced-class
contexts and minimizing false-negative outcomes. An AUC of 0.985, which indicates excellent class separation,
was obtained from ROC analysis. ROC curves of both the training and validation datasets (Fig. 2C and D) showed
strong generalizability and minimal overfitting, with both curves closely aligned in the upper-left quadrant. The
training curve displayed tight calibration, and the validation plot’s small mid-range deviations most likely reflect
sparse bin counts rather than misspecification. Calibration plots (Fig. 3) affirmed that predicted probabilities
were closely aligned with observed event frequencies. In addition to the initial 90/10 train-validation split,
repeated 5 x 5 stratified cross-validation was performed to verify robustness. This procedure produced a mean
AUROC=0.984+0.007, confirming model stability and excluding overfitting across resampled folds. The
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RPL with

Normal range Healthy women, | RPL with normal | abnormal tests,
Characteristics or threshold | Overall, N=36,797 | N=19,979 tests, N=3,425 N=13,393 p-value
Demographic characteristics
Age (years) 18-45 29.78+£6.08 29.46+5.88 33.17+4.65 29.38+6.42 p<0.001
BMI (kg/m?) <30 27.71£5.02 26.68+4.26 31.32+4.08 28.32+5.71 p<0.001
Lifestyle
Alcohol use (Yes) Negative 1.4% 0.99% 5.84% 1.02% p<0.001
Smoking (Yes) Negative 3.1% 3.32% 5.84% 2.07% p<0.001
Biochemical tests
Vitamin D, (ng/mL) 30-100 35.17+£14.70 35.12+14.72 35.45+14.66 35.18+14.69 p=0.06
TSH (mIU/L) 0.5-5.0 3.24+1.33 322+1.32 3.28+1.44 3.25+1.33 p<0.001
Immune assays
Th1/Th2 ratio <10 9.54+7.10 7.29+5.00 6.27+£1.90 13.73+8.51 p<0.001
T-cell (CD3* cells) (cells/ul) (%) <85 76.26+1.80 76.57+1.43 75.40+1.26 75.84+2.36 p<0.001
CD16" cells (cells/pl) <19 14.35+2.26 14.39+2.28 13.60+1.89 14.49+2.26 p<0.001
B-cells (CD19" cells) (cells/pl) (%) <14 9.19+2.63 7.98+2.37 10.18+1.72 1075+2.25 p<0.001
CD56" cells (cells/pl) <19.5 14.82+2.37 14.76 £2.35 14.15+2.00 15.09+2.44 p<0.001
Helper T-cells (CD3/CD4" cells) (cells/pl) (%) <44 46.20£5.20 47.51+4.14 45.65+4.13 43.68+6.29 p<0.001
Cytotoxic T-cells (CD3/CD8" cells) (cells/pl) (%) | <35 28.37+5.02 27.21+4.02 28.34+3.96 30.70+6.14 p<0.001
NK cells (CD16/56" cells) (cells/ul) (%) <14 10.21+2.16 10.39+2.21 9.45+1.77 10.13£2.12 p<0.001
Autoantibodies
Antiphospholipid antibody (IgG, IgM) (ug/ml) <10 5.28+4.12 4.54+3.04 4224217 6.73+£5.41 p<0.001
Anticardiolipin antibody (IgG, IgM) (ug/ml) <10 5.79+3.94 532+3.47 4.59+2.57 6.83+£4.62 p<0.001
Anti b2 glycoprotein antibody (IgG, IgM) (ug/ml) | <20 11.33+£6.57 10.66+5.90 1.08+5.23 12.82+7.66 p<0.001
Anti TTG antibody (IgG, IgA) (U/ml) <11 6.26+4.18 5.88+3.61 5224273 7.13£5.09 p<0.001
ANA <1.2RFU 0.70+0.44 0.63+0.36 0.59+0.29 0.83+0.55 p<0.001
Anti ds-DNA (IU/mL) <10 5.13+3.04 512+29 4.56+2.52 531+3.33 p<0.001
Anti TPO antibodies (U/mL) <30 13.93+9.32 13.26£8.41 12.76 £7.05 15.24+10.84 p<0.001
Anti TG antibodies (IU/mL) <116 59.68+33.10 57.88+30.88 56.76+30.09 63.14+36.60 p<0.001

Table 1. Comparison of characteristics between healthy and RPL groups. BMI: Body mass index; TSH:
Thyroid stimulating hormone; Th: T-helper cell; TTG: Tissue transglutaminases; ANA: Antinuclear antibody;
ds-DNA: double-stranded DNA; TPO: Thyroid peroxidase; and TG: thyroglobulin. All data are reported as
mean + SD. P<0.05 for RPL groups in comparison to control group. p-value < 0.5 considered significant.

classification threshold was fixed at 0.5, and all confusion-matrix statistics correspond to this cutoff. Minor
rounding differences between the numerical metrics and the matrix counts arise from averaging across cross-
validation iterations.

Given that the model focusses on a proximal immune-lifestyle signature rather than a distal clinical endpoint,
the high AUROC observed makes biological sense. Numerous well-known, high-signal immunological axes
in RPL are represented by many of the top-ranked predictors. Furthermore, performance is less likely to be
influenced by narrow cohort artefacts due to the large sample size and multi-center heterogeneity.

Over-fitting, feature-leakage assessment, and missingness

To ensure the robustness and generalizability of the model, several validation strategies were implemented.
A repeated 5x5 stratified cross-validation demonstrated high internal consistency, with a mean AUROC of
0.984+0.007 (range: 0.961-0.992), only 0.009 below the single hold-out score (0.993), closely matching the single
hold-out validation performance, and also indicating low variance across folds and no evidence of overfitting.

To rule out feature-to-label leakage, a permuted-label sanity check was conducted, which yielded an AUROC
0f 0.516 - near random performance - confirming no inadvertent use of identifying or time-based information.
The model was trained with early stopping (patience = 20 epochs, max = 300 epochs), further reducing overfitting
risk.

A fixed random seed (42) ensured reproducibility across NumPy, Python, and PyTorch environments, with a
90/10 patient-level stratified split to avoid data leakage across sets.

Finally, a sentinel-flip stress test confirmed that the model’s performance was not artificially inflated by the use
of “~1” as the missing-value indicator. Replacing half of these sentinel values with “~2” led to an imperceptible
AUROC drop (A=0.001), supporting the conclusion that the model relies on physiological signal rather than
exploiting encoding artifacts. Calibration was assessed using Brier score (0.036) and a calibration curve, both of
which confirmed clinically acceptable probability estimation. The information regarding the tests is provided in
Table S2 (supplementary file 1).
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Characteristics Univariable OR (95% CI) | p-value | Multivariable* OR (95% CI) | p-value
Age 0.98 (0.98-0.98) 0.00 0.97 (0.97-0.98) p<0.001
BMI 0.91 (0.91-0.91) 0.00 0.88 (0.88-0.89) p<0.001
Alcohol use 0.94 (0.77-1.15) 0.55 0.87 (0.63-1.21) p=041

Smoking 1.18 (1.04-1.33) 0.00 0.98 (0.81-1.18) p=0.81

Vitamin D, 1.00 (1.00-1.00) 0.45 1.00 (1.00-1.00) p=0.10

TSH 0.98 (0.97-1.00) 0.02 0.98 (0.96-1.00) p=0.09

Th1/Th2 ratio 0.88 (0.88-0.89) 0.00 0.89 (0.88-0.89) p<0.001
CD3" cells 1.05 (1.04-1.05) 0.00 1.31 (1.24-1.37) p<0.001
CD16" cells 1.02 (1.01-1.03) 0.00 0.79 (0.74-0.84) p<0.001
CD19" cells 0.61 (0.61-0.62) 0.00 0.54 (0.53-0.55) p<0.001
CD56" cells 0.97 (0.97-0.98) 0.00 0.69 (0.66-0.79) p<0.001
CD3/CD4"*cells 1.09 (1.09-1.09) 0.00 0.83 (0.79-0.88) p<0.001
CD3/CD8" cells 1.05 (1.04-1.05) 0.00 0.73 (0.69-0.76) p<0.001
CD16/56" cells 1.09 (1.08-1.10) 0.00 1.46 (1.39-1.53) p<0.001
Antiphospholipid antibody (IgG, IgM) 0.93 (0.92-0.93) 0.00 0.91 (0.90-0.92) p<0.001
Anticardiolipin antibody (IgG, IgM) 0.95 (0.94-0.95) 0.00 0.94 (0.94-0.95) p<0.001
Anti b2 glycoprotein antibody (IgG, IgM) | 0.99 (0.99-1.00) 0.00 1.01 (1.00-1.01.00.01) p=0.01

Anti TTG antibody (IgG, IgA) 0.98 (0.97-0.98) 0.00 0.98 (0.97-0.99) p<0.001
ANA 0.76 (0.73-0.79) 0.00 0.51 (0.48-0.55) p<0.001
Anti ds-DNA 1.03 (1.02-1.03) 0.00 1.07 (1.05-1.08) p<0.001
Anti TPO antibodies 0.99 (0.98-0.99) 0.00 0.99 (0.99-0.99) p<0.001
Anti TG antibodies 1.00 (1.00-1.00) 0.00 1.00 (1.00-1.00) p=0.02

Table 2. Univariable and multivariable logistic regression analysis of live birth rate predictors. OR: Odds ratio;
BMI: Body mass index; TSH: Thyroid stimulating hormone; Th: T-helper cell; tTG: tissue Transglutaminases;
ANA: Antinuclear antibody; ds-DNA: double-stranded DNA; TPO: Thyroid peroxidase; and TG:
thyroglobulin. p-value < 0.5 considered significant. * All 22 clinically and biologically relevant variables were
included in the multivariable regression, regardless of their univariate significance.

Out of the 22 input features used in the TabNet model, 10 had missing values, with the most affected being
CD3, CD3/CD4, and CD3/CD8 - each missing in approximately 13.5% of records (refer to Table S3). Rather than
relying on statistical imputation, missing entries were replaced with “~1”, a value that falls clearly outside the
normal biological range for all quantitative markers. This choice ensures that the model can distinguish between
true measurements and absent values without introducing noise or artificial bias. TabNet, which is well-suited to
learning from structured inputs with missingness, treats such placeholder values as meaningful signals during
training. Despite moderate gaps in a few immunological features, the model’s overall performance remained
strong, suggesting it is not overly sensitive to missing data. Because the gaps were spread across multiple inputs
and didn’t affect the target variable (R-LiveBirth), there’s little evidence of training bias or leakage. Moreover,
several features - including TSH, Vitamin D, and lifestyle-related inputs - were complete and offered consistent
support for stable split learning throughout the model.

To assess whether missing values influenced model performance, we compared two approaches: one trained
on the full dataset with missing entries replaced by a sentinel (“~1”), and another restricted to rows with no
missing data. The model using all records performed slightly better overall, with an accuracy of 94.6% and an
AUC of 0.985. By comparison, the complete-case model reached 93.3% accuracy and an AUC of 0.971 (Table
S4). While recall was marginally higher in the complete-case version (0.980 versus 0.968), it came with a notable
drop in specificity (0.838 vs. 0.921). This suggests that removing incomplete rows may have reduced the model’s
ability to generalize, possibly due to the smaller training set. Keeping all rows and marking missingness explicitly
gave the model access to more information, which seems to have helped without introducing noise. Based on
these results, handling missing data through sentinel substitution appears to be both practical and effective in
this setting.

Importance of features

When all input variables were considered, the model’s feature importance analysis (Fig. 4) highlighted CD3/
CD4 ratio and Th1/Th2 ratio as the most influential predictors. Other key contributors included CD19, BMI,
age, CD3, and several autoantibodies, suggesting that both immune markers and lifestyle factors played a central
role in the model’s predictions.

Feature importance in deep learning models like TabNet is inherently less intuitive compared to traditional
models. Unlike simpler models such as Random Forests that use metrics like Gini importance, TabNet learns
which features to attend to at each decision step using its attention mechanism. This allows it to capture complex,
context-dependent interactions between features, making the contribution of each variable dynamic and
sometimes only meaningful in combination with others.
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Fig. 2. TabNet Model performance.(A)The confusion matrix, (B)Precision-Recall curve,(C) ROC curve for
training set, and (D)ROC curve for validation set. TP: True positive; FP: False positive; FN: False Negative; TN:
True Negative.

Metric Mean/actual | 95% CI (Lower-Upper)
Accuracy | 0.946 0.938-0.954
Precision | 0.936 0.926-0.946
Sensitivity | 0.968 0.960-0.976
Specificity | 0.921 0.905-0.936
F1-score 0.952 0.944-0.961
AUC 0.985 0.981-0.989

Table 3. Performance of the model. AUC: Area under the curve; CI: Confidence interval.
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Fig. 3. Calibration plots for the training set (A) and validation set (B). The training plot demonstrates near-
perfect calibration, while the validation plot reveals only minor deviation around mid-range probabilities.

While some variables such as CD16, Vitamin D, Smoking, Alcohol, TSH, Anti-dsDNA, Anti-cardiolipin,
Anti-TPO, and CD3/CDS8 appear less important at first glance, they still serve critical roles in the model. For
instance, in scenarios with missing data, these “low importance” features can compensate and allow the model
to maintain high predictive performance. In fact, our experiments showed that the model remained effective
even when using only a subset of 6-8 key features. This adaptability highlights one of the key strengths of deep
learning approaches in clinical settings, which is robustness to incomplete data and the ability to dynamically
adjust to the context of available features.

By retaining all variables and utilizing a model capable of handling missing data directly, we can apply the
same architecture to retrospective clinical datasets where data may be incomplete or inconsistently recorded.
This approach allows us to maximize validation opportunities using real-world patient records and supports
ongoing investigation into the clinical relevance of each marker, even in the presence of sparsity or data gaps.

Feature correlation analysis

To investigate the relationships between all potential predictors, including immunological, biochemical, and
lifestyle factors, a correlation analysis was performed. All continuous variables had their Pearson’s correlation
coeflicients calculated, and Fig. 5 shows the correlation matrix that was produced.

Different patterns of association within immunological markers were revealed by the matrix. A high degree
of co-regulation across lymphocyte populations was indicated by the strong positive correlations found between
the T-cell and natural killer (NK)-cell subsets, including CD3, CD3/CD4, CD3/CD8, CD16, CD56, and CD19
(r>0.70). In line with the functional balance between T-helper subsets and cytotoxic immune activity, the
Th1:Th2 ratio showed moderate inverse correlations with a number of these CD markers (r = —0.40 to —0.60).

The presence of weak to moderate positive correlations (r=0.30-0.55) between autoantibody markers,
including Anti-Phospholipid (Anti-Phospho), Anti-Cardiolipin (Anti-Cardio), Anti-p2-Glycoprotein (Anti-B2
Glyco), Anti-TTG, Anti-TPO, and Anti-TG, suggests that there may be overlap in autoimmune activity.
Antibodies against ANA and dsDNA, on the other hand, showed weaker associations with other autoimmune
markers, indicating a somewhat different immunopathological profile.

TSH and vitamin D were among the biochemical variables that had a weak correlation (|r| < 0.25) with
immune indices. Similarly, there was little correlation between lifestyle factors like age, BMI, smoking, and
alcohol and immunological or serological markers, suggesting that these factors have mostly independent effects
on the model (Table S5-S13). Overall, the correlation structure shows that, aside from the expected clustering
among lymphocyte subsets, the majority of predictors provide distinct information to the model with little
redundancy. Since multicollinearity was not found to be significant (no pairwise correlation was found to exceed
|t] > 0.90), these results support the inclusion of all listed features in subsequent multivariable modeling.
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importance.

Discussion

Overview

In our study, the presence of an immune-lifestyle pattern in patients suffering from RPL was predicted using
TabNet model based on several key parameters with high accuracy. To the best of our knowledge, this is the first
study to discover an immune-lifestyle pattern in a large group of patients and a healthy population using 22
specific parameters. This method offers a new multivariable approach to evaluating this condition, combining
the 22 parameters to find an immunological problem, rather than the traditional clinical focus on individual
parameters. This approach may assist physicians in identifying patients who are likely to benefit from immune-
modulating treatments. The model targets a proximal immune-lifestyle signature rather than a distal clinical
endpoint, making the high performance observed biologically plausible.

Comparison with previous machine learning models

The domain of ML has seen significant improvements in deep learning, particularly in representing complex
clinical outcomes from EHR data. Shickel et al. investigated the role of deep learning in clinical activities
(information extraction, representation learning, and outcome prediction) using EHR data?®. ML models can
continually improve by recalibrating when new data is input. Studies have identified numerous contributing
factors to RPL and attempted to develop several models to predict RPL. Bashiri et al., using a multivariable
logistic regression model, proposed prognostic indicators including as material age, previous pregnancy loss,
positive RPL, and primary versus secondary RPL?’. In a study in 2020, six classification algorithms were created
and tested to accurately predict early pregnancy loss (EPL) following the development of fetal cardiac activity
during in vitro fertilization-embryo transfer (IVF-ET)?. When including fetal heart rate as a feature, Random
Forest was the most accurate of the six predictive models, with a recall ratio and F1 of up to 97% and an AUC
of up to 0.97.
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Previous models using immunological and clinical parameters

Regarding the prediction of RPL, two studies used pre-conception immunological parameters'""'8, which
is similar to our study. Li et al. highlighted the significance of maternal peripheral blood immunological
characteristics as indicators of future pregnancy outcomes in individuals with unexplained RPL. They developed
and evaluated four models based on immunological profiles and discovered five predictors in the following
order: 1, 2) complement system (e.g., C3 and C4), 3) dyslipidemia (e.g., triglycerides levels), 4, 5) number and
percentage of peripheral NK cells (pNK)!!. Their second model achieved the AUC of 0.96 with only using
seven risk factors in predicting clinical pregnancy (>28 weeks of gestational age). Similarly, Yang et al.'s.
employed pre-conception RPL patients’ information and clinical laboratory biomarkers to predict EPL (<10
weeks of gestational age). Their GBM model achieved AUC of 0.805 using 16 variables. Their findings revealed
that age, BMI, previous induced abortion, number of previous miscarriages, anticardiolipin antibody (ACA),
homocysteine, IgM, low-density lipoprotein to high-density lipoprotein ratio (LHR), and platelet to neutrophilic
ratio (PNR) were key risk factors for EPL!®.

Recently, Li et al.'” proposed a nomogram to predict subsequent PL in RPL patients. Their model was based
on nine features and the AUC was 0.795. Similarly, Mu et al.!° established a nomogram using thyroid and
thromboelastograph (TEG) parameters to predict the risk of subsequent PL in RPL patients. Their variables
included: maternal age, BMI, T4, TSH, TGAb, TPOADb, and TEG examination (e.g., reaction time, kinetic time,
alpha angle, etc.). Their nomogram achieved AUC of 0.767.
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Feature selection and model construction

To date, most proposed models for pregnancy outcome have been constructed based on features selected
through multivariable regression or the least absolute shrinkage and selection operator (LASSO)!®1117-19,
However, this approach has introduced significant variability in identifying the independent or key risk factors
as previously discussed. Such variability may stem from heterogeneity in populations or different pregnancy
outcomes including EPL, clinical pregnancy, and live birth. To address this issue, we selected the features based
on the comprehensive review of the current literature regarding RPL, combined with our own experience and
expertise. This approach allowed us to prioritize the most relevant risk factors without relying on data-driven
selection techniques which may overlook critical features due to their statistical constraints.

Our findings demonstrated discrepancies in the selection of key risk factors when comparing multivariable
analysis with the deep learning model. For example, although multivariable analysis revealed significant
differences in factors such as CD16 + cells, anti-dsDNA, anti-TPO antibodies, and anticardiolipin antibody (IgG,
IgM) between the two groups (Table 2), these same variables were among the lowest in importance according to
the model’s feature importance plot (Fig. 4).

Immune-metabolic and lifestyle interactions

Feature attribution in our model indicates that metabolic inflammation, influenced mainly by high BMI and
cigarette use, intensifies Th1-dominant immune responses. This relationship provides a plausible biological link
between lifestyle and immune imbalance in RPL. In several patient subgroups, markers such as the Th1:Th2
ratio, CD3/CD4, and thyroid autoantibodies contributed most strongly to prediction, suggesting that altered
immune polarity is central to outcome differences.

Patients with elevated BMI showed clearer immune separation, consistent with reports that obesity promotes
low-grade inflammation, enhances Thl cytokine release, and shifts T-cell activation thresholds**. Smoking
appears to act in a similar direction by increasing oxidative stress and endothelial reactivity, both of which disturb
tolerance at the maternal-fetal interface®"*2. These mechanisms help explain why the model was particularly
sensitive in overweight and smoking groups, while specificity fell slightly due to overlapping inflammatory
signals in subclinical cases.

Women who reported moderate alcohol intake showed a somewhat different pattern, with improved
calibration and higher specificity. This may reflect the transient anti-inflammatory effect of light ethanol
exposure, previously linked to better HDL function and reduced cytokine activation®*-*. Overall, the data
suggest that everyday behaviors leave measurable fingerprints on immune-metabolic balance, influencing
implantation success and pregnancy maintenance.

Our model therefore extends beyond prediction. It highlights a reproducible immune-metabolic signature
through which modifiable lifestyle factors shape immune tolerance. This understanding may guide future
interventional studies combining lifestyle adjustment with targeted immune therapy to restore reproductive
balance.

For instance, these results highlight the significance of including lifestyle change into RPL management
procedures from a clinical standpoint. In addition to smoking cessation programs, weight optimization by
diet and physical exercise interventions may help lower systemic inflammation and restore Th1/Th2 balance
prior to conception. Clinicians may be able to personalize preconception counseling and identify patients who
might benefit from supplementary immunomodulatory medications by routinely evaluating metabolic and
immunological indicators found by the model. These integrated strategies, which target immunological and
behavioral mechanisms, may improve pregnancy maintenance in women with RPL.

Model strengths, interpretability, and practical implications

Our study’s key strengths include the substantial patient cohort and high AUC achieved by our model using
22 variables. Importantly, the model focuses on identifying a biological/behavioral signature, not predicting
a complex pregnancy outcome directly. That is more realistic given our dataset and could be the basis for a
powerful risk stratification or decision-support tool in the clinic. Leveraging our experience and extensive
research, we identified and selected most relevant risk factors instead of relying on automated selection methods
to determine features from a large pool. While our model generated feature importance plots (Lambda plots),
we recognized that even the least important feature in the plot could prove essential in cases of missing data.

A degree of interpretive tension exists between clinical reasoning and Al-based modeling. Clinicians often
seek bottom-up, pathophysiological explanations for model predictions, whereas deep learning methods such
as TabNet identify high-dimensional interaction patterns that are not easily reduced to linear cause-effect
relationships. The model therefore captures emergent immune-lifestyle signatures that are physiologically
consistent but exceed the resolution of traditional statistical approaches. Furthermore, a key component
of contemporary biomedical Al is the use of neural architectures that remain robust in the face of noisy or
incomplete clinical data. For example, recent research in oncology has shown how specialised neural network
techniques, like Self-organising Maps with block processing, can greatly improve diagnostic accuracy even when
there is a lot of noise in the dataset®°. In a similar vein, we use TabNet’s attention masks to ensure that the overall
integrity of the patient’s immune-lifestyle profile is not compromised by missing measurements. This framework
enhances clinical judgment by revealing latent biological relationships that need more investigation, rather than
replacing it.

Furthermore, the cost of these laboratory tests is considerably less than that of advanced therapies such
as Lymphocyte immunotherapy (LIT), intravenous immunoglobulin (IVIG), and Immunosuppressives (e.g.,
Tacrolimus). Reducing the number of features could potentially decrease the AUC of the model, leading to
less accurate predictions and imposing significant economic and psychological burden on both patients and
healthcare system. Therefore, our aim was to construct the model with the highest possible accuracy.
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Additionally, the model user interface (UI) is very simple and easy to use. Since it only requires users to
download an excel file (available at the website), then fill the excel with the 22 parameters, and upload it to
the web-based model. Finally, after analysis by the model, the model will provide a downloadable report that
consists information regarding the immune status of the patient, probability of live birth, etc. Clinicians can use
the report to conceive better decisions and guide their approach such as the need and type of intervention for
each patient (Supplementary file 2).

Translational value and novel contributions

The novelty of our work is the quantitative integration of these immune parameters with modifiable lifestyle
variables within a single, high-performance deep learning framework, even though the immunologic mechanisms
linked to RPL, such as Th1/Th2 imbalance and autoantibody activation, have been previously described. This
model uses routine laboratory data to create a composite immune-metabolic fingerprint that can identify high-
risk women prior to conception, rather than just confirming known risk factors. Clinically, this makes it possible
to incorporate targeted interventions like weight loss, quitting smoking, or selective immunomodulation before
conception or assisted reproduction, as well as early, individualized counseling. Additionally, by converting
complex immune profiles into useful insights, the model’s explainable outputs (feature attributions and risk
probabilities) can aid in clinical decision-making and patient education. In this way, the model acts as a link
between bedside risk assessment and laboratory immunology, opening the door for future validation and the
creation of Al-assisted reproductive immunology decision-support tools.

Importantly, the current model does not define current clinical subtypes RPL or suggest a new biological
phenotype. Instead, it combines well-established lifestyle and immunological variables into a single, data-driven
risk signature that represents the non-linear interactions between these variables at the individual level. The TabNet
framework emphasizes conditional interaction patterns, such as the joint contribution of Th1/Th2 imbalance,
CD3/CD4 ratios, and metabolic indicators such as BMI, whose combined influence is not easily apparent from
univariate or multivariable statistics alone, in contrast to conventional regression-based approaches that estimate
independent effects. These patterns of interaction show a spectrum of immune-metabolic dysregulation rather
than distinct clusters. Therefore, the model’s main contribution in the AI-based approach to an immune-lifestyle
condition, which suggests rather than focusing on immune markers in isolation, future studies should emphasis
on how combination of several factors including metabolic inflammation, life style, and immune profile disrupts
maternal-fetal tolerance. Without creating new disease categories, this integrative viewpoint offers a biologically
sound framework for planning targeted experimental and interventional research.

Conclusion

In conclusion, we built a deep learning model, TabNet, based on 22 variables and data from over 36,000 patients
to identify a specific immune-lifestyle risk profile, which could help stratify RPL patients for targeted preventive
care or immunomodulation.

Limitations

The primary limitation of this study is that it is based on a single-country dataset with internal validation only.
Additionally, the model was developed using 22 predefined variables, some of which - particularly immunological
markers - are not yet incorporated into international guidelines. Nonetheless, these factors have been extensively
studied for their role in feto-maternal tolerance, especially in cases of unexplained RPL. As the model is still in
an early developmental stage, it does not yet differentiate between humoral, cellular, or mixed immunological
profiles. Moreover, as we acknowledge that further validation through external, multi-center studies and
clinical trials is needed to assess the model’s performance and generalizability, which we aim to undertake in
future work. We recognize that temporal hold-out validation and leave-one-center-out (LOCO) would provide
more information about the model’s practicality, particularly with regard to site-specific and time-dependent
variability. However, due to lack of date stamps and center identifiers in the current dataset, these analyses were
not yet possible. Moreover, we found the model to be stable across the checks we were able to perform, but we
also recognize that a simple 90/10 split does not capture differences that may exist between clinics. Although this
restricts formal evaluation of of site-specific effects, participating clinics used harmonized diagnostic protocols
and assay platforms, reducing systematic inter-center bias. Future external validation studies will explicitly
incorporate center-aware and temporal validation frameworks.

Future direction

The next stage of our study will concentrate on thorough external validation to improve generalizability. To
acquire diverse patient cohorts, we intend to form data-sharing partnerships with fertility and reproductive
immunology facilities in several nations. Temporal hold-out validation and LOCO will be performed using
newly collected data. To facilitate these analyses, we are now standardizing variable definitions, timestamps, and
data formats amongst institutions. This methodical approach will guarantee a thorough evaluation of the model’s
repeatability and practicality in a range of clinical contexts.

Data availability
The deep learning model, and the datasets used and/or analyzed during the current study are available from the
corresponding author upon reasonable request.
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