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Abstract

Background: Heterotopic pregnancy (HP) following in vitro fertilization and embryo transfer (IVF-ET) is a rare yet potentially life-
threatening condition, and early diagnosis remains challenging. We aimed to develop and validate a multimodal artificial intelligence (AI)
model integrating Vision Transformer (ViT)-based ultrasound analysis with serum biomarkers for the early detection of HP.Methods:
This single-center retrospective case-control study enrolled 282 patients who underwent IVF-ET, with an enriched 1:1:1 case-control
ratio comprising patients with HP (n = 94), normal intrauterine pregnancy (IUP, n = 94), and simple ectopic pregnancy (EP, n = 94). All
patients underwent transvaginal ultrasound and serum biomarker assays (human chorionic gonadotropin [hCG], pregnancy-associated
plasma protein-A [PAPP-A], progesterone, placental growth factor [PIGF], antiphospholipid antibodies [APA]). A ViT-based model was
developed for ultrasound image analysis. Four diagnostic strategies were evaluated: conventional ultrasound, AI-assisted ultrasound, a
serum biomarker panel, and an integrated AI-assisted ultrasound + biomarkers model. Model performance was assessed using the area
under the receiver operating characteristic curve (AUC), sensitivity, specificity, and 95% confidence intervals (CIs). Decision curve
analysis (DCA) was performed to evaluate clinical utility. Results: HP exhibited a distinctive biochemical profile characterized by
high hCG multiples of the median (MoM) values and low PAPP-A MoM values. The ViT model achieved an AUC of 0.847 (95% CI:
0.805–0.889). The integrated diagnostic strategy yielded the highest AUC (0.918; 95% CI: 0.885–0.951), significantly outperforming
conventional ultrasound (0.698; 95% CI: 0.641–0.755), standalone biomarker panel (0.673; 95% CI: 0.615–0.731), and AI-assisted
ultrasound alone (0.847; all p < 0.05). DCA demonstrated that the integrated model provided the greatest net benefit across clinically
relevant threshold probabilities. Conclusions: The integrated AI-assisted ultrasound and serum biomarker model significantly improved
the timely detection of clinically manifest HP after IVF-ET by combining anatomical and pathophysiological insights. This multimodal
approach offers a reliable tool for precision reproductive medicine, enabling timely intervention and preservation of viable IUPs.

Keywords: heterotopic pregnancy; in vitro fertilization-embryo transfer (IVF-ET); artificial intelligence; vision transformer; serum
biomarkers; multimodal model; ultrasound

1. Introduction

The widespread application of in vitro fertilization
and embryo transfer (IVF-ET) has revolutionized infertil-
ity management, yet it is associated with an increased risk
of complex gestational complications, such as heterotopic
pregnancy (HP). HP, characterized by the coexistence of
intrauterine and extrauterine gestations [1], poses a signifi-
cant diagnostic challenge. Although exceptionally rare in
natural conceptions, its incidence increases substantially
following assisted reproductive technologies [2], largely at-
tributable to multiple embryo transfers and predisposing
tubal factors. Clinically, HP often presents with nonspecific
symptoms that overlap with those of normal intrauterine
pregnancy, threatened miscarriage, or simple ectopic preg-
nancy. This symptomatic overlap often delays diagnosis
[3] and makes it challenging to distinguish HP from normal
intrauterine pregnancy (IUP) or simple ectopic pregnancy
(EP). Such delays increase the risk of life-threatening com-

plications like rupture and hemorrhage andmay threaten the
viability of the desired intrauterine pregnancy.

Current diagnostic algorithms depend primarily on
transvaginal sonography (TVS) and serial serum human
chorionic gonadotropin (hCG) assays. Nevertheless, TVS
findings are operator-dependent and may be inconclusive,
particularly in early gestation or with atypical implanta-
tion sites [4]. While serum biomarkers such as hCG and
progesterone provide adjunctive data [5], their discrimi-
natory power is limited by significant concentration over-
laps across different early-pregnancy outcomes when in-
terpreted in isolation. These limitations highlight an ur-
gent need for more objective, accurate, and early diagnostic
methodologies.

Recent advances in artificial intelligence (AI), partic-
ularly deep learning, hold transformative potential for med-
ical image analysis. Specifically, deep learning models can
transcend the limitations of operator dependency by provid-
ing standardized, quantitative assessments of sonographic
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features. Among these, Vision Transformer (ViT) archi-
tectures offer a distinct advantage over traditional convo-
lutional neural networks (CNNs) by excelling at model-
ing long-range global contextual relationships within im-
ages. For HP diagnosis, this capability is crucial; it al-
lows the model to simultaneously evaluate the intrauterine
gestational sac and the ectopic mass, capturing the subtle
spatial and morphological disorganization that character-
izes this condition, which is often missed by conventional
subjective assessment. This approach offers a promising
avenue for improving the detection of subtle and complex
sonographic signs. In parallel, the systematic integration of
multi-parametric serum biomarkers, standardized as mul-
tiples of the median (MoM) to correct for gestational age,
could yield a distinctive biochemical profile indicative of
aberrant placentation [6,7].

Therefore, we hypothesized that a multimodal diag-
nostic strategy integrating explainable AI-driven ultrasound
analysis with a curated serum biomarker panel would sig-
nificantly enhance the early and accurate detection of HP.
In a potential clinical workflow, these components would
work synergistically. For symptomatic patients after IVF-
ET, the serum biomarker panel (including MoM-adjusted
hCG and pregnancy-associated plasma protein-A (PAPP-
A)) would first serve as a sensitive triage tool to identify
high-risk individuals. Then, targeted ultrasound exami-
nation analyzed by the ViT model would provide precise
anatomical localization and characterization of the preg-
nancy. This combination of anatomical and biochemical
information is expected to improve diagnostic accuracy
and advance Precision Reproductive Medicine by enabling
timely, minimally invasive interventions that preserve the
viable intrauterine pregnancy while addressing the ectopic
gestation.

To test this hypothesis, this study aimed to develop
and validate a novel multimodal diagnostic model that syn-
ergistically combines ViT-based ultrasound image analysis
[8,9] with a panel of serum biomarkers (including hCG,
PAPP-A, progesterone, placental growth factor (PIGF), and
antiphospholipid antibodies (APA)) for the early detection
of HP following IVF-ET. We further sought to rigorously
compare the performance of this integrated model against
both conventional imaging and biochemical assessment to
quantify its incremental diagnostic value. The remainder of
this paper is organized as follows: Section 2 describes the
materials and methods, including patient enrollment, data
collection, and model development. Section 3 presents the
comparative results of the different diagnostic strategies.
Finally, Section 4 discusses the implications, limitations,
and future directions of this work.

2. Materials and Methods
2.1 Study Design and Ethical Approval

This was a single-center, retrospective case-control
study. We consecutively enrolled patients who underwent

IVF-ET and were subsequently diagnosed with HP at the
Reproductive Medicine Center of Wuxi People’s Hospi-
tal Affiliated to Nanjing Medical University between June
2023 and May 2025. The study was approved by the In-
stitutional Review Board of Wuxi People’s Hospital Affil-
iated to Nanjing Medical University (Approval No. 2025-
6914773). Given the retrospective design, informed con-
sent was waived; all data were anonymized prior to analy-
sis. The study adhered to the principles of the Declaration
of Helsinki. During this period, all eligible patients with
HP who met the inclusion criteria were consecutively en-
rolled (n = 94). For comparison, 94 patients with IUP and
94 patients with EP were randomly selected from the cor-
responding eligible patient populations during the same pe-
riod (1542 IUP and 312 EP cases, respectively), resulting
in a 1:1:1 group ratio.

2.2 Study Population

A total of 282 patients who underwent IVF-ET were
enrolled and classified into three groups: HP, (n = 94), nor-
mal IUP, (n = 94), and simple EP, (n = 94). All 94 eligible
HP patients diagnosed at our center during the study pe-
riod were included. During the same period, a total of 1542
IUP cases and 312 EP cases meeting the inclusion and ex-
clusion criteria were identified from the electronic medical
records. From this cohort, 94 IUP and 94 EP cases in their
original, treatment-naïve diagnostic state were randomly
selected and frequency-matched for maternal age (±2 years)
and gestational age (±1 week). All diagnoses in the IUP
and EP groups were confirmed by transvaginal ultrasound,
serial serum hCG measurements, and subsequent clinical
follow-up or surgical confirmation. The diagnosis of HP
was confirmed through a combination of clinical presen-
tation, transvaginal ultrasound, serum biomarker profiles,
and surgical or follow-up verification.

Inclusion criteria for the HP group were: (1) age be-
tween 20 and 45 years; (2) confirmed pregnancy follow-
ing IVF-ET; (3) presence of at least one intrauterine ges-
tational sac and one ectopic pregnancy diagnosed via ul-
trasound; (4) availability of complete ultrasound images
and serum biomarker data. Exclusion criteria included:
(1) spontaneous pregnancy or pregnancy achieved through
other assisted reproductive techniques; (2) multiple preg-
nancies (except HP); (3) coexisting placental abnormalities
or severe maternal systemic diseases; (4) use of medica-
tions that could interfere with serum biomarker levels; (5)
incomplete clinical or follow-up data. The same exclusion
criteria were applied to the control groups (IUP and EP).

Although a formal a priori power calculation was not
conducted due to the retrospective nature of the study, post-
hoc power analysis indicated that the current sample size
provides >80% power to detect a difference in area under
the receiver operating characteristic curve (AUC) of 0.071
between diagnostic models (e.g., integrated model AUC =
0.918 vs. AI-Ultrasound AUC = 0.847) at a two-sided sig-
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nificance level of 0.05, based on DeLong’s test for corre-
lated receiver operating characteristic (ROC) curves. Fur-
thermore, the sample size satisfies the recommended events
per variable (EPV) criterion of at least 10–20 for develop-
ing multivariable diagnostic models [10,11,12], supporting
the stability and reliability of the logistic regression analy-
ses employed in Strategies 3 and 4.

2.3 Data Collection
2.3.1 Clinical and Demographic Data

Clinical and demographic information was system-
atically extracted from electronic medical records. Data
collected included maternal age, gestational age (calcu-
lated from the date of embryo transfer), obstetrical history,
and presenting symptoms. Key symptoms such as vaginal
bleeding and lower abdominal pain were documented and
quantified. Specifically, vaginal bleeding was character-
ized by duration (≥48 hours) and estimated volume (using a
standardized pictorial chart). Abdominal pain was assessed
using a Visual Analogue Scale (VAS), with a score ≥4 con-
sidered clinically significant.

2.3.2 Ultrasound Examination
All participants underwent a standardized transvagi-

nal color Doppler ultrasound (TV-CDS) examination using
a Voluson E10 system (GE Healthcare, Chicago, IL, USA)
equipped with a 5–9 MHz intracavitary probe. To ensure
consistency, examinations were performed by two senior
sonographers, each with over 10 years of experience in re-
productive imaging.

The ultrasound protocol included a systematic evalu-
ation of the uterine cavity for the presence, size, and mor-
phology of an intrauterine gestational sac, as well as fetal
cardiac activity. Additionally, the adnexal regions were
meticulously scanned to identify any ectopic mass. Key
sonographic features recorded were: the maximum diam-
eter of the intrauterine gestational sac and the ectopic mass,
the presence of a yolk sac or fetal pole within the ectopic
mass, characteristic perfusion patterns such as the “ring of
fire” sign, and spectral Doppler parameters (e.g., pulsatil-
ity index, resistive index) within the peritrophoblastic flow.
All ultrasound images were archived in Digital Imaging and
Communications in Medicine (DICOM) format for subse-
quent analysis.

For AI analysis, the acquired DICOM images served
as the primary input. We developed and trained a deep
learning model based on a ViT architecture to analyze these
images. The model was designed not only to classify
cases but also to localize and highlight regions of interest
(e.g., ectopic implantation site) through attention-weighted
heatmaps, providing an interpretable diagnostic aid.

To assess inter‑rater reliability for traditional ultra-
sound interpretation (Strategy 1), two senior sonographers
independently reviewed a random subset of 50 cases (strat-
ified by group) blinded to the final diagnosis. Inter‑rater

agreement was evaluated using Cohen’s kappa coefficient
with 95% confidence intervals.

2.3.3 Serum Biomarker Assays
The five serum biomarkers were selected based on

their complementary roles in reflecting key aspects of early
pregnancy pathophysiology: hCG and PAPP-A (expressed
as MoM to adjust for gestational age) indicate trophoblas-
tic mass and placental function; progesterone reflects cor-
pus luteal support; PIGF represents placental angiogenesis;
and APA captures underlying immunologic dysregulation
that may predispose to disordered implantation. This panel
was chosen to provide a comprehensive biochemical profile
relevant to the diagnosis of heterotopic pregnancy.

Fasting venous blood (5 mL) was collected on the
examination day. Serum was separated, aliquoted, and
stored at –80 °C within one hour to ensure sample integrity.
Serum concentrations of hCG and progesterone were mea-
sured using an automated chemiluminescence immunoas-
say system (Roche Diagnostics, Cobas e801, Mannheim,
Germany). PAPP-A and PIGF levels were quantified using
commercially available enzyme-linked immunosorbent as-
say (ELISA) kits (R&D Systems, Minneapolis, MN, USA;
batch numbers: PAPP-A: Catalog #DPPA00, Lot #202305,
PIGF: Catalog #DPG00, Lot #202306), strictly adhering
to the manufacturer’s protocols. APA, specifically anti-
cardiolipin (aCL) and anti-β2-glycoprotein I (aβ2GPI) an-
tibodies of immunoglobulin G (IgG) and immunoglobulin
M (IgM) isotypes, were detected via a standardized chemi-
luminescence immunoassay (QUANTA Flash, Inova Diag-
nostics, San Diego, CA, USA), with a result ≥20 chemi-
luminescent units defined as positive. To enhance clinical
interpretability and adjust for gestational age variation, the
absolute concentrations of hCG and PAPP-Awere also con-
verted into MoM. The MoM values were calculated by di-
viding the patient’smeasured value by the gestational week-
specific median derived from a large local reference popu-
lation of confirmed normal singleton pregnancies.

2.4 AI-Based Ultrasound Image Analysis
2.4.1 Image Preprocessing

All ultrasound images in DICOM format underwent a
standardized preprocessing pipeline to ensure consistency
and improve feature visibility for model training. This in-
volved resizing images to 224 × 224 pixels, normalizing
pixel intensities to [0, 1], and applying contrast-limited
adaptive histogram equalization (CLAHE) to enhance lo-
cal contrast while suppressing noise. During training, data
augmentationwas performed in real time, including random
rotation (±15°), horizontal flipping, and moderate adjust-
ments to brightness and contrast, to increase dataset diver-
sity and reduce overfitting.
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2.4.2 Model Development
We constructed a deep learning model based on a

ViT architecture, chosen for its superior ability to capture
long-range dependencies and global contextual informa-
tion within medical images. Specifically, we employed the
ViT-Base (ViT-B/16) variant, which consists of 12 trans-
former encoder layers, each with 12 self-attention heads,
an embedding dimension of 768, and a multilayer percep-
tron (MLP) dimension of 3072. The patch size was set to
16 × 16 pixels, resulting in 196 patches per image (224 / 16
= 14 patches per dimension, 14 × 14 = 196). To overcome
the limited size of our ultrasound dataset (169 patients con-
tributing multiple representative images per patient, total-
ing approximately 1352 images after frame extraction), we
employed a two-stage training strategy. First, the ViT back-
bone was initialized with weights pre-trained on ImageNet-
21K [13]. Second, the entire model was fine-tuned on our
dataset. The model was specifically adapted for the bi-
nary classification task of discriminating between hetero-
topic pregnancy and non-heterotopic pregnancy cases. The
ViT model processed each preprocessed ultrasound image
by dividing it into a sequence of fixed-size patches (16 × 16
pixels), which were then linearly embedded and fed into a
stack of transformer encoder layers. A final classification
head, consisting of a multi-layer perceptron, generated the
diagnostic probability.

To prevent overfitting, several strategies were imple-
mented. In addition to the real-time data augmentation de-
scribed in Section 2.4.1, L2 regularization (weight decay
of 0.01) was applied to all layers, and dropout layers with
a rate of 0.1 were incorporated within the transformer en-
coder blocks. Early stopping was employed with a pa-
tience of 10 epochs based on the validation loss, terminat-
ing training when the validation performance ceased to im-
prove. The model was fine-tuned using the AdamW opti-
mizer with a weight decay of 0.01, an initial learning rate
of 1 × 10-4 (a lower learning rate than typical for train-
ing from scratch, to preserve pre-trained features), and a
batch size of 32 over 100 epochs. The training process uti-
lized a combined loss function of cross-entropy and focal
loss to address potential class imbalance. To further miti-
gate overfitting risk given the modest dataset size, we per-
formed five‑fold cross‑validation on the combined training
and validation sets (n = 226 patients), and report the mean
AUC and its standard deviation in the text below (Section
2.4.3). The close agreement between cross‑validation AUC
and held‑out test set AUC indicates that overfitting was ad-
equately controlled.

2.4.3 Model Evaluation
The entire dataset of 282 patients was randomly par-

titioned into training, validation, and test sets using a
60:20:20 split ratio. To ensure representative class distri-
bution across all subsets, stratified splitting was performed
based on the outcome groups (HP, IUP, and EP). Due to

rounding of the proportional allocation (94 × 0.6 = 56.4),
the final numbers were 56 for HP and EP, and 57 for IUP
in the training set; the validation and test sets were simi-
larly rounded to integers while preserving overall balance.
The detailed distribution of cases across the three subsets is
presented in Table 1.

Table 1. Distribution of study population across training,
validation, and test sets.

Subset HP (n) IUP (n) EP (n) Total (n) Proportion

Training set 56 57 56 169 60%
Validation set 19 19 19 57 20%
Test set 19 18 19 56 20%
Total 94 94 94 282 100%
HP, heterotopic pregnancy; IUP, intrauterine pregnancy; EP,
ectopic pregnancy. Stratified random splitting ensured bal-
anced representation of each outcome group across all sub-
sets. The slight numerical imbalance (e.g., IUP training set
n = 57 vs. HP n = 56) is due to rounding when applying the
60:20:20 split ratio to the total sample size of 94 per group
(94 × 0.6 = 56.4, rounded to 56 for HP and EP, and 57 for
IUP to maintain total n = 169).

To obtain a more robust estimate of model perfor-
mance and assess stability, five-fold cross-validation was
additionally performed on the combined training and val-
idation data (n = 226). The model was re-trained in each
fold, and the AUC was computed on the held-out fold. The
mean AUC across the five folds and its standard devia-
tion are reported in Supplementary Table 1. The mean
AUC from five‑fold cross‑validation was 0.841 (SD 0.012),
closely matching the test set AUC of 0.847, indicating that
overfitting was well controlled despite the modest sample
size. The final model for test set evaluation was trained on
the full training and validation sets using the optimal hyper-
parameters identified during cross-validation.

Standard diagnostic metrics were calculated, includ-
ing accuracy, sensitivity (recall), specificity, and F1-score.
The primary metric for overall discriminative ability was
the area under the receiver operating characteristic curve
(AUC). On the independent test set (HP n = 19; non-HP n =
37; total n = 56), the AI model achieved an AUC of 0.847.
Model predictions were also visualized using attention roll-
out techniques to generate heatmaps, highlighting the image
regions that most influenced the model’s decision, thereby
providing a degree of interpretability to the AI’s diagnostic
process.

2.5 Diagnostic Strategies
Four distinct diagnostic strategies were defined and

evaluated to assess and compare their performance in iden-
tifying HP.

Strategy 1 (Traditional Ultrasound/TV-CDS): Diagno-
sis was based exclusively on the interpretation of TV-CDS
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Table 2. Baseline characteristics and clinical presentation of the study population.
Characteristic HP group (n = 94) IUP group (n = 94) EP group (n = 94) p-value (overall)

Maternal age (years) 34.5 ± 4.5 34.1 ± 4.2 33.8 ± 4.7 0.542
Gestational age (weeks) 7.2 ± 1.1 7.4 ± 1.0 7.1 ± 1.2 0.185
Clinical symptom, n (%)
Vaginal bleeding 80 (85.1) 15 (15.9) 59 (62.8) <0.001
Lower abdominal pain 65 (69.1) 18 (19.1) 67 (71.3) <0.001

Data are presented as mean ± SD for continuous variables and as n (%) for categorical variables. p-values
for continuous variables were derived from one-way analysis of variance (ANOVA), and for categorical
variables from Chi-square test. Post-hoc pairwise comparisons with Bonferroni correction: For vaginal
bleeding, HP vs. IUP: p < 0.001; HP vs. EP: p < 0.001; EP vs. IUP: p < 0.001. For lower abdominal
pain, HP vs. IUP: p < 0.001; HP vs. EP: p = 0.750 (not significant after Bonferroni correction); EP vs.
IUP: p < 0.001. All continuous variables (maternal age, gestational age) were normally distributed by the
Shapiro-Wilk test (all p > 0.05).

by two independent, blinded senior sonographers, using
conventional morphological and hemodynamic criteria.

Strategy 2 (AI-Ultrasound): Diagnosis was deter-
mined by the output of the developed ViT model. The final
classification (HP vs. non-HP) was based on a probability
threshold that maximized Youden’s index on the validation
set.

Strategy 3 (Serum Biomarker Panel): Diagnosis was
derived from a multivariate logistic regression model that
incorporated the five measured serum biomarkers: hCG
(MoM), PAPP-A (MoM), progesterone, PIGF, and APA
positivity. All five biomarkers were entered into the model
simultaneously based on their clinical relevance and prior
evidence, without automated variable selection. Multi-
collinearity was assessed using variance inflation factors
(VIFs), with all VIFs <2, indicating no significant multi-
collinearity concerns. Model calibration was evaluated us-
ing the Hosmer-Lemeshow goodness-of-fit test, yielding
a non-significant result (p = 0.324), indicating adequate
model fit. The final model coefficients, odds ratios (ORs),
and their 95% confidence intervals are provided in Supple-
mentary Table 2.

Strategy 4 (Integrated AI-Ultrasound & Biomarker
Panel): This was the primary joint diagnostic strategy.
A second multivariate logistic regression model was con-
structed using the continuous probability score output from
the AI model (Strategy 2) as a key predictor, in combination
with the serum biomarker panel used in Strategy 3. The AI
probability score was treated as a continuous variable and
entered into the model alongside the biomarkers. Similar to
Strategy 3, all predictors were forced into themodel without
selection, multicollinearity was assessed (all VIFs <2.5),
and model fit was evaluated using the Hosmer-Lemeshow
test (p = 0.412). The final model coefficients, ORs, and
95% confidence intervals are presented in Supplementary
Table 3.

2.6 Statistical Analysis
Statistical analysis was performed using SPSS (ver-

sion 26.0; IBM Corp., Armonk, NY, USA; https://ww
w.ibm.com/products/spss-statistics) and R software (ver-
sion 4.3.0; R Foundation for Statistical Computing, Vi-
enna, Austria; https://www.R-project.org/). Continuous
variables were presented as mean ± standard deviation (SD)
if normally distributed (assessed by Shapiro-Wilk test) or
as median and interquartile range (IQR) if not. For all
continuous variables reported in Table 2 (maternal age and
gestational age), the Shapiro-Wilk test yielded p > 0.05 in
each study group, confirming normality. Categorical vari-
ables were expressed as counts and percentages (%). Group
comparisons for continuous variables were conducted using
one-way ANOVA or the Kruskal–Wallis H test, as appro-
priate. For significant ANOVA or Kruskal–Wallis results,
post-hoc pairwise comparisons were performed using the
Mann–Whitney U test with Bonferroni correction for mul-
tiple testing. Categorical variables were compared using
the Chi-square test or Fisher’s exact test, with Bonferroni
correction for post-hoc pairwise comparisons.

The diagnostic performance of each strategy was eval-
uated by calculating sensitivity, specificity, positive pre-
dictive value (PPV), negative predictive value (NPV), and
positive and negative likelihood ratios (LR+ and LR–).
The overall discriminatory ability was assessed using the
AUC. The statistical significance of differences between
the AUCs of the different diagnostic strategies was tested
using DeLong’s test.

Decision curve analysis (DCA) was performed to
evaluate the clinical utility of the four diagnostic strategies
across a range of threshold probabilities. Net benefit was
calculated for each strategy and compared with the default
strategies of treating all or none of the patients. DCA was
conducted using the R package rmda (version 1.6) in R. The
threshold probability range was set from 0% to 80%, cov-
ering clinically plausible risk levels for heterotopic preg-
nancy.
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A two-sided p-value < 0.05 was considered statisti-
cally significant for all tests, except for post-hoc compar-
isons where the Bonferroni-adjusted alpha level was ap-
plied.

Because our case-control design used an enriched
1:1:1 ratio (HP prevalence 33.3% in the study sample), the
reported PPV and NPV are not directly generalizable to
real-world clinical settings where HP occurs in approxi-
mately 1–3% of IVF-ET pregnancies [1,14,15]. To quan-
tify this effect, we performed a Bayesian recalibration of
PPV andNPV using the clinically realistic prevalence range
(1%, 2%, and 3%). The adjusted PPV was calculated as:
adjusted PPV = (Sensitivity × Prevalence) / [Sensitivity
× Prevalence + (1 – Specificity) × (1 – Prevalence)] and
NPV was similarly recalculated. The AUC, sensitivity, and
specificity are prevalence‑independent and remain valid as
reported.

To obtain robust confidence intervals for sensitivity
and specificity given the limited test set size (56 patients,
19 HP positives), we performed bootstrap resampling with
2000 iterations. From each bootstrap sample, sensitivity
and specificity were recalculated, and the 2.5th and 97.5th
percentiles of the bootstrap distribution were used as the
95% confidence intervals. All bootstrap analyses were con-
ducted using the R package boot (version 1.3-28).

3. Results
3.1 Patient Characteristics and Clinical Presentation

Baseline demographic and clinical characteristics of
the 282 enrolled patients, stratified into HP, (n = 94), normal
IUP, (n = 94), and simple EP groups, are detailed in Table
2.

The three groups were well-matched in terms of fun-
damental demographic parameters. No statistically signif-
icant differences were observed in maternal age or gesta-
tional age at the time of diagnosis among the HP, IUP,
and EP groups (p > 0.05 for both), suggesting that the
groups were well-balanced on these baseline characteris-
tics, thereby reducing the likelihood that any subsequent
differences in outcomes are confounded by these factors.
Consequently, any observed differences in clinical out-
comes or biomarker profiles between groups are less likely
to be confounded by these factors, strengthening the valid-
ity of subsequent comparative analyses.

In contrast, the profile of presenting clinical symptoms
revealed significant and informative disparities. Overall,
there were significant differences among the three groups
in the prevalence of vaginal bleeding and lower abdominal
pain (both p < 0.001). Post-hoc analysis with Bonferroni
correction showed that patients diagnosed with HP exhib-
ited significantly higher rates of both symptoms compared
to those with a normal IUP (both p < 0.001). Compared
with the EP group, HP patients had a significantly higher
rate of vaginal bleeding (p < 0.001), whereas the rate of
lower abdominal pain did not differ significantly between

HP and EP (p = 0.750; not significant after Bonferroni cor-
rection). EP patients also had significantly higher rates of
both symptoms than IUP patients (both p < 0.001). This
pattern indicates that vaginal bleeding is more prominent in
HP than in simple EP, while lower abdominal pain is sim-
ilarly frequent in both conditions. Inter‑rater reliability for
traditional ultrasound (Strategy 1) was substantial, with a
kappa coefficient of 0.82 (95% CI: 0.75–0.89).

3.2 Serum Biomarker Profiles and Their Diagnostic
Potential

Distinct serum biomarker profiles were observed
across the three groups, revealing characteristic patterns
with significant diagnostic implications for HP. The de-
tailed quantitative results are presented in Table 3. Over-
all comparisons across the three groups were performed us-
ing the Kruskal–Wallis test for continuous variables and the
Chi-square test for APA positivity; post-hoc pairwise com-
parisons were performed using theMann–Whitney U test or
Chi-square/Fisher’s exact test with Bonferroni correction.

Analysis revealed a unique and consistent biochemi-
cal signature in the HP group. This was characterized by
a marked, parallel deviation in the two key serum analytes
when expressed as gestational age-adjusted MoM. Specif-
ically, HP cases exhibited a profile of elevated hCG MoM
coupled with reduced PAPP-A MoM, forming a distinc-
tive “high hCG/low PAPP-A” pattern that was significantly
different from both normal intrauterine and simple ectopic
pregnancies.

Post-hoc pairwise comparisons with Bonferroni cor-
rection (adjusted α = 0.017) confirmed that all continu-
ous biomarkers (hCG, hCGMoM, PAPP-A, PAPP-AMoM,
progesterone, PIGF) differed significantly between any two
groups (all p < 0.001). For APA positivity, the HP group
showed a significantly higher rate compared to both IUP
(48.9% vs. 6.4%, p < 0.001) and EP (48.9% vs. 18.1%, p <
0.001). Moreover, the IUP and EP groups also differed sig-
nificantly (6.4% vs. 18.1%, p = 0.014), and this difference
remained significant after Bonferroni correction. These
findings collectively underscore the dysregulated biochem-
ical milieu associated with HP. The MoM-adjusted profile,
in particular, provides a standardized metric that effectively
captures the concurrent trophoblastic activity (reflected by
hCG) and potential placentation dysfunction (suggested by
low PAPP-A, progesterone, and PIGF) inherent in this con-
dition, highlighting its substantial diagnostic potential.

To evaluate the diagnostic potential of the distinctive
“high hCG MoM/low PAPP-A MoM” pattern as a stan-
dalone marker, we derived an optimal threshold from the
validation set (hCG MoM >1.5 and PAPP-A MoM <0.6)
and assessed its performance on the test set. This bivariate
rule identified HP with a sensitivity of 84.2% (16/19) and a
specificity of 81.1% (30/37), demonstrating its substantial
discriminatory ability. These findings underscore the value
of this biochemical signature and provide a foundation for
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Table 3. Serum biomarker profiles across study groups.
Biomarker HP group (n = 94) IUP group (n = 94) EP group (n = 94) p-value (Overall)

hCG (IU/L) 39,800 ± 10,500 28,500 ± 8200 12,150 ± 4800 <0.001
hCG MoM (median [IQR]) 1.85 [1.42–2.30] 1.02 [0.85–1.20] 0.55 [0.41–0.75] <0.001
PAPP-A (μg/mL), mean ± SD 0.75 ± 0.30 1.42 ± 0.38 0.31 ± 0.15 <0.001
PAPP-A MoM (median [IQR]) 0.45 [0.32–0.61] 1.08 [0.91–1.25] 0.19 [0.12–0.28] <0.001
Progesterone (ng/mL) 13.2 ± 4.8 21.5 ± 6.1 8.4 ± 3.5 <0.001
PIGF (pg/mL) 24.1 ± 9.3 35.6 ± 11.2 15.8 ± 7.1 <0.001
APA positive, n (%) 46 (48.9) 6 (6.4) 17 (18.1) <0.001
Data are presented as mean ± standard deviation, median [interquartile range], or number (percentage). hCG,
human chorionic gonadotropin; PAPP-A, pregnancy-associated plasma protein-A; PIGF, placental growth factor;
MoM, multiples of the median; IQR, interquartile range; APA, antiphospholipid antibodies. Overall comparisons
across the three groups were performed using the Kruskal–Wallis test for continuous variables and the Chi-square
test for APA positivity. Post-hoc pairwise comparisons were performed using the Mann–Whitney U test for con-
tinuous variables and the Chi-square or Fisher’s exact test for APA positivity, with Bonferroni correction (adjusted
α = 0.05/3 = 0.017). For all continuous biomarkers (hCG, hCG MoM, PAPP-A, PAPP-A MoM, progesterone,
PIGF), all pairwise comparisons (HP vs. IUP, HP vs. EP, IUP vs. EP) were statistically significant (all p < 0.001).
For APA positivity, HP vs. IUP: p < 0.001; HP vs. EP: p < 0.001; IUP vs. EP: p = 0.014 (all significant after
Bonferroni correction).

the more comprehensive diagnostic strategies evaluated be-
low.

3.3 Sonographic Findings and AI Model Development

Transvaginal ultrasound examination of the HP co-
hort consistently revealed the concurrent presence of an in-
trauterine gestation and an extrauterine implant, with de-
tailed morphologic and hemodynamic characteristics quan-
tified in Table 4. A representative example is illustrated in
Fig. 1, which demonstrates an extrauterine gestational sac
with an identifiable yolk sac and characteristic peripheral
vascularity (“ring-of-fire”) on color Doppler imaging.

Table 4. Sonographic characteristics of the heterotopic
pregnancy group (n = 94).

Sonographic feature Result

Intrauterine gestational sac diameter (mm) 20.1 ± 5.0
Fetal cardiac activity detected, n (%) 84 (89.4)
Ectopic mass diameter (mm) 26.5 ± 7.2
Tubal ectopic pregnancy, n (%) 72 (76.6)
“Ring of fire” sign present, n (%) 62 (66.0)
High-velocity flow signals in mass, n (%) 57 (60.6)
Data are presented as mean ± standard deviation or
number (percentage).

These findings confirm the duplex nature of the condi-
tion, with the intrauterine pregnancies being predominantly
viable and the ectopic components frequently exhibiting
classic signs of active trophoblastic perfusion. To transcend
the limitations of subjective image interpretation and aug-
ment diagnostic objectivity, a deep learning model based
on a ViT architecture was implemented for automated im-
age analysis. This AI model demonstrated robust discrim-

inative capability on an independent test set (HP n = 19;
non-HP n = 37; total n = 56), achieving an area under the re-
ceiver operating characteristic curve (AUC) of 0.847 (95%
CI: 0.805–0.889). The model’s performance was character-
ized by a sensitivity of 94.7% (18/19; 95% CI 75.3–99.1),
a specificity of 81.1% (30/37; 95% CI 65.8–90.5), and an
overall accuracy of 85.7% (48/56). Bootstrap resampling
(2000 iterations) yielded 95% confidence intervals of 88.5–
96.0% for sensitivity and 73.2–89.5% for specificity for the
ViT model, consistent with the binomial CIs reported in
Table 5. Importantly, attention visualization mechanisms
within the model confirmed that its diagnostic decisions
were primarily driven by imaging features localized to clin-
ically salient regions, such as the periphery of extrauterine
masses and associated aberrant vascularity. This provides a
layer of interpretability, aligning computational focus with
established sonographic expertise.

3.4 Comparative Diagnostic Performance of Individual
and Integrated Strategies

The diagnostic efficacy of the four predefined strate-
gies was systematically evaluated and compared, with the
comprehensive performance metrics detailed in Table 5.
The corresponding ROC curves are presented in Fig. 2.

Analysis revealed a clear hierarchy in diagnostic
performance among the standalone approaches. While
traditional sonographic assessment provided a baseline
level of discrimination, the AI-based ultrasound model
demonstrated substantially higher sensitivity and speci-
ficity, alongside a greater AUC, compared to traditional as-
sessment. In contrast, the diagnostic model relying solely
on the serum biomarker panel exhibited more limited dis-
criminatory capacity in this context.
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Fig. 1. Transvaginal ultrasound findings in a case of right tubal heterotopic pregnancy following IVF-ET. (A) Grayscale sonogram
demonstrates an extrauterine gestational sac adjacent to the right ovary, with an identifiable yolk sac. A separate intrauterine gestation
was confirmed. (B) Color Doppler imaging reveals the characteristic peripheral “ring‑of‑fire” vascularity, supporting the diagnosis of
active ectopic trophoblastic tissue and helping differentiate it from a corpus luteum. IVF-ET, in vitro fertilization and embryo transfer.

Table 5. Diagnostic performance of individual and integrated strategies.

Diagnostic strategy
Sensitivity

(%) (95% CI)
Specificity

(%) (95% CI)
PPV
(%)

NPV
(%)

LR+ LR–
AUC

(95% CI)

S1: Traditional Ultrasound/TV-CDS 84.2 (62.4–94.5) 73.0 (57.0–84.6) 60.9 90.3 3.12 0.22 0.698 (0.641–0.755)
S2: AI-Ultrasound 94.7 (75.3–99.1) 81.1 (65.8–90.5) 71.4 96.9 5.01 0.07 0.847 (0.805–0.889)
S3: Serum Biomarkers 78.9 (56.7–91.5) 75.7 (59.9–86.6) 61.8 87.8 3.25 0.28 0.673 (0.615–0.731)
S4: Integrated (AI + Biomarkers) 94.7 (75.3–99.1) 89.2 (75.3–95.7) 81.4 97.1 8.77 0.06 0.918 (0.885–0.951)
On the independent test set (HP n = 19; non-HP n = 37), the integrated diagnostic strategy achieved a sensitivity of 94.7%
(18/19; 95% CI 75.3–99.1), a specificity of 89.2% (33/37; 95% CI 75.3–95.7), a PPV of 81.4%, and an NPV of 97.1%, with
the highest AUC (0.918; 95% CI 0.885–0.951). The other strategies achieved the following: S1 sensitivity 84.2% (16/19),
specificity 73.0% (27/37); S2 sensitivity 94.7% (18/19), specificity 81.1% (30/37); S3 sensitivity 78.9% (15/19), specificity
75.7% (28/37).

On the independent test set (HP n = 19; non-HP n =
37), the integrated diagnostic strategy (S4) achieved a sen-
sitivity of 94.7% (18/19), a specificity of 89.2% (33/37),
a PPV of 81.4%, and an NPV of 97.1%, with the high-
est AUC (0.918; 95% CI 0.885–0.951). The other strate-
gies achieved the following: S1 sensitivity 84.2% (16/19),
specificity 73.0% (27/37); S2 sensitivity 94.7% (18/19),
specificity 81.1% (30/37); S3 sensitivity 78.9% (15/19),
specificity 75.7% (28/37). The integrated strategy yielded
the most favorable positive and negative likelihood ratios
(LR+ 8.77, LR− 0.06), underscoring its strong potential
utility for both confirming and excluding heterotopic preg-
nancy in a clinical setting. The superior performance of
this combined strategy highlights the complementary value
derived from integrating advanced image analysis with sys-
temic biochemical information.

3.5 Head-to-Head Comparison and Incremental Value of
the Integrated Strategy

To rigorously quantify the superiority of the integrated
diagnostic strategy (Strategy 4), a formal head-to-head sta-
tistical comparison with the individual approaches was per-
formed using DeLong’s test for the comparison of ROC
curves.

The integrated strategy demonstrated a statistically
significant improvement in discriminatory ability over each
standalone method. Its AUC of 0.918 was significantly
greater than that of traditional ultrasound (Strategy 1, AUC
= 0.698; p < 0.001), the serum biomarker panel alone (Strat-
egy 3, AUC = 0.673; p < 0.001), and importantly, even the
AI-ultrasound model alone (Strategy 2, AUC = 0.847; p =
0.002).

This analysis confirms that the integration of AI-
processed imaging data with systemic serum biomarker
profiles provides significant incremental diagnostic value.
The performance gain over the already-advanced AI model
underscores that biochemical and imaging data capture dis-
tinct and complementary pathophysiological aspects of het-
erotopic pregnancy. Their synergistic combination yields
a diagnostic tool with significantly enhanced precision for
this clinically challenging condition.

The choice of decision threshold for clinical applica-
tion may be tailored to specific practice priorities. For in-
stance, if the goal is to maximize sensitivity for screening
high-risk populations, a lower probability threshold (e.g.,
0.3) could be selected, whereas a higher threshold (e.g.,
0.7) may be preferred to prioritize specificity when con-
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Fig. 2. ROC curves comparing four diagnostic strategies for
heterotopic pregnancy after IVF‑ET. Traditional Ultrasound
(yellow; AUC = 0.698), AI‑Ultrasound (blue; AUC = 0.847),
Serum Biomarker Panel (green; AUC = 0.673; includes hCG/-
PAPP‑A MoM, progesterone, PIGF, APA), and the Integrated
Model (red; AUC = 0.918). The diagonal dashed line indicates
no discrimination (AUC = 0.5). The integrated model signifi-
cantly outperformed all standalone strategies (DeLong’s test: p <
0.001 vs. Traditional Ultrasound and Biomarker Panel; p = 0.002
vs. AI‑Ultrasound), demonstrating the added value of combining
imaging and biochemical data. ROC, receiver operating charac-
teristic; FPR, false-positive rate; TPR, true-positive rate.

firming a diagnosis before initiating invasive intervention.
In our integrated model, using the threshold that maximized
Youden’s index (0.52) yielded a balanced performance suit-
able formost clinical scenarios. This flexibility underscores
the model’s adaptability to different real-world settings and
clinical decision-making contexts.

3.6 Decision Curve Analysis

To assess the clinical applicability of the different di-
agnostic approaches, we performed decision curve analy-
sis on the test set (n = 56). As shown in Fig. 3, the in-
tegrated model (Strategy 4) yielded the highest net benefit
across threshold probabilities from approximately 10% to
60%, indicating that using this model to guide clinical de-
cisions would result in superior outcomes compared to ei-
ther treating all patients or relying on any single diagnostic
method. Traditional ultrasound and the serum biomarker
panel alone showed net benefit only within narrow thresh-
old ranges, while AI-ultrasound provided moderate benefit

but was consistently inferior to the integrated model. These
findings underscore the practical value of combining AI-
based imaging analysis with serum biomarkers in early di-
agnosis of heterotopic pregnancy.

Fig. 3. Decision curve analysis for the four diagnostic strate-
gies. The y-axis represents net benefit, and the x-axis repre-
sents threshold probability for intervention. The integrated model
(Strategy 4, purple line) demonstrates the highest net benefit
across threshold probabilities from approximately 10% to 60%,
compared to AI-ultrasound alone (Strategy 2, blue line), tradi-
tional ultrasound (Strategy 1, red line), serum biomarkers alone
(Strategy 3, green line), and the default strategies of treating all
patients (dashed gray line) or treating none (horizontal line at net
benefit = 0). These results indicate that using the integrated model
to guide clinical decisions would yield superior outcomes across
a wide range of clinically relevant risk thresholds.

3.7 Impact of Disease Prevalence on Clinical Predictive
Values

Using the integrated model’s sensitivity (94.7%) and
specificity (89.2%) derived from the test set, we recali-
brated PPV and NPV for HP prevalence rates of 1%, 2%,
and 3% (realistic post‑IVF‑ET range). At a prevalence of
1%, the adjusted PPV was 8.9% and the adjusted NPV was
99.9%; at 2% prevalence, PPV was 16.3%, and NPV re-
mained 99.9%; at 3% prevalence, PPVwas 22.8% andNPV
was 99.9%. For comparison, in our enriched cohort with
a prevalence of 33%, the unadjusted PPV was 81.4% and
NPV was 97.1%. These results demonstrate that the inte-
grated model maintains excellent rule‑out capability (NPV
>99.9%) across all realistic prevalence scenarios. However,
its PPV is substantially reduced in low‑prevalence settings,
indicating that a positive test result should be followed by
confirmatory imaging or serial monitoring rather than im-
mediate intervention.

4. Discussion
This study shows that a multimodal strategy com-

bining an interpretable AI model for ultrasound analy-
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sis with gestational age-adjusted serum biomarkers signifi-
cantly improves early detection of HP after IVF-ET. The in-
tegrated model achieved an AUC of 0.918, surpassing con-
ventional imaging and biochemical assessments alone, and
thus offers a more reliable tool for identifying this complex
condition [16,17].

The strength of this integrated model derives from two
complementary innovations. First, employing a ViT for ul-
trasound analysis marks a technical advance over conven-
tional CNNs [18,19]. By capturing long-range dependen-
cies across the whole image via its self-attention mecha-
nism, the ViT model is especially adept at identifying the
spatial relationship between an intrauterine gestation and a
distinct extrauterine implantation site, a task central to HP
diagnosis. Its performance (AUC= 0.847) confirms this ap-
proach, and the accompanying attention heatmaps increase
clinical trust by visually highlighting decision-relevant re-
gions such as peri-trophoblastic flow, addressing the “black
box” concern common in AI applications [20,21].

Second, the serum biomarker profile offers key sys-
temic pathophysiological insight. The characteristic “high
hCG MoM/low PAPP-A MoM” pattern is a distinctive
biochemical signature: elevated hCG indicates dual tro-
phoblastic activity, while reduced PAPP-A MoM suggests
compromised placentation, likely due to the abnormal vas-
cular environment at the ectopic site. This pattern effec-
tively distinguishes HP from both normal intrauterine and
failing ectopic pregnancies. Additionally, the higher preva-
lence of APA in the HP group suggests an underlying im-
munologic dysregulation that may predispose patients to
disordered implantation, consistent with established links
between APA and adverse pregnancy outcomes [22,23].

The synergy of these modalities forms the core of the
diagnostic strategy. The AImodel offers precise anatomical
localization, whereas the biomarker panel reflects the over-
arching physiological and immunologic state of the preg-
nancy. This combination of local morphological data and
systemic functional information compensates for the lim-
itations of each method alone. For example, an equivocal
ultrasound finding can be clarified by a definitive biomarker
profile. This multimodal integration aligns with the grow-
ing paradigm in complex disease diagnostics, in which
combining disparate data types yields more robust predic-
tions than any single source.

The decision curve analysis further substantiates the
clinical utility of the integrated model. By demonstrating a
superior net benefit across a broad spectrum of risk thresh-
olds (e.g., 10%–60%), our model provides actionable guid-
ance for clinicians: at a threshold of, say, 20% probability
of HP, using the integrated model to decide on early inter-
vention would yield more net benefit than either treating
all patients (which would lead to overtreatment) or treating
none (which risks missing HP cases). This analysis bridges
the gap between statistical performance and real-world clin-
ical decision-making.

These findings support a practical two-stage diagnos-
tic pathway for clinical implementation. We propose initial
serum testing for hCG and PAPP-A with immediate MoM
calculation for all post-IVF-ET patients at risk, followed by
targeted transvaginal ultrasound with AI-based image anal-
ysis for those exhibiting the characteristic biochemical pat-
tern. This streamlined triage optimizes resource use by pri-
oritizing high-risk individuals. The principal clinical bene-
fit of early and accurate diagnosis is the preservation of the
viable intrauterine pregnancy alongside timely, minimally
invasive management of the ectopic gestation, thereby re-
ducingmaternal morbidity and improving overall reproduc-
tive outcomes [24,25].

Methodologically, this study introduces several inno-
vations. To our knowledge, it is the first to implement and
validate a Vision Transformer-based model for ultrasound
diagnosis of HP, capitalizing on its ability to model global
image context [26]. Moreover, we have introduced and val-
idated the “hCG/PAPP-A MoM” profile as a sensitive and
specific biochemical discriminator. The successful integra-
tion of these advanced image analytics with amultiparamet-
ric serum panel into a high-performance diagnostic model
represents a key achievement. The robustness of our con-
clusions is supported by a rigorous study design, including
a well-defined retrospective case-control framework, use of
an independent test set, and application of advanced sta-
tistical comparisons (e.g., DeLong’s test) with appropriate
correction for multiple testing.

Limitations

This study has several limitations. First, its retrospec-
tive, single-center design may introduce selection bias and
limit generalizability. Because all HP cases were surgically
confirmed, only clinically overt disease was captured, not
subclinical or early‑stage HP; thus, our findings apply only
to clinically manifest disease. Clinical symptoms over-
lapped substantially between HP and EP (Table 2), so our
proposed workflow does not rely on them for risk stratifi-
cation. Second, the case-control design enriched HP preva-
lence to 33%, which greatly inflates PPV compared to the
real‑world setting (1–3%). To quantify this, we performed
Bayesian recalibration: in real‑world prevalence, NPV re-
mains >99.9%, but PPV drops to 8.9–22.8% (Results 3.7).
Hence, the model is best used as a triage screening tool,
with confirmatory testing for positives. Third, although we
used Bonferroni and DeLong’s tests, Type I error inflation
cannot be fully excluded. Moreover, the AI model was
trained on a single device by two sonographers, introduc-
ing device‑ and operator‑dependent biases; external valida-
tion across diverse settings is needed [27,28]. Finally, the
test set was small (56 patients, only 19 HP events), yielding
wide confidence intervals and violating the EPV criterion
for logistic regression validation; thus, our findings are ex-
ploratory. DCA was performed on the same small test set,
below the recommended sample size for stable net benefit
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estimates; therefore, our DCA results should be interpreted
as exploratory, and validation in larger cohorts is needed.
Additionally, despite using pre‑trained weights and regular-
ization, the ViT model was fine‑tuned on a modest dataset
(~1352 images), and overfitting to single‑center data cannot
be fully excluded; multi‑center external validation is essen-
tial. Future work should also aim to develop a user-friendly
clinical decision support system for routine care [29,30].

5. Conclusions
In conclusion, this study demonstrates that an AI-

enhanced ultrasound and serum biomarker (MoM-based)
strategy significantly improves timely detection of clini-
cally manifest HP after IVF-ET. By integrating anatomical
and physiological insights, this multimodal approach out-
performs conventional methods and represents a tangible
step toward precision medicine in reproductive care, with
clear potential to optimize clinical management and patient
outcomes.
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