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ABSTRACT

Background: In-vitro-fertilization (IVF) failure rates remain above 65% with unknown causes. Uterine receptivity, 

largely determined by uterine peristalsis, is believed to play a key role in the IVF success. Accurate assessment of 

uterine peristalsis holds the potential for improving the success rate of embryo implantation. 

Methods: This prospective study includes 62 IVF patients from multiple fertility centers under three different clini-

cal settings. Four-minute B-mode transvaginal ultrasound (TVUS) scans were performed one hour before embryo 

transfer (ET). 25 features related to frequency, amplitude, power, velocity, and coordination were extracted using 

strain analysis from TVUS speckle tracking results. Three probabilistic classifiers, i.e., support vector machine 

(SVM), K-nearest neighbors (KNN), and adaptive boosting (AdaBoost), were employed to discriminate uterine 

activity as either favorable or adverse to clinical pregnancy rate. Prior to machine learning, feature selection was 

performed by categorized feature ranking and sequential forward selection. The proposed method was evaluated 

by a nested 8-fold cross validation. 

Results: Our results suggest that features related to coordination and frequency of the uterine peristalsis are 

strongly associated with clinical pregnancy, and SVM demonstrates the best classification performance between 

successful and unsuccessful pregnancies, with an average area under the receiver operating characteristic  

curve of 0.81.
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Conclusions: We developed a machine learning framework to improve the prediction of IVF outcome based on 

TVUS recordings of patients from multiple centers. Our SVM model identified significant uterine motion features 

and demonstrated reliable and generalizable classification performance. This work can provide useful means to 

support clinicians for clinical decision-making prior to ET and possibly enhance IVF success rates.
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Introduction

In-vitro fertilization (IVF) is the most advanced 
clinical technology for infertility (1). Yet, its success 
rate stays around 35% (2). A typical IVF cycle in-
volves stimulating follicles, retrieving oocytes, fertiliz-
ing them in vitro, and transferring an embryo into the 
uterus (embryo transfer, ET). The success of ET and 
subsequent implantation are crucial for IVF success, 
but representing stages of treatment with minimal con-
trol. Previous studies have employed machine learning 
to predict the success of ET, considering various clini-
cal factors, such as demographic information, female/
male pathology, semen quality, oocyte stimulation re-
sponse, and embryological data (3-6). Additionally, 
uterine peristalsis, which refers to rhythmic uterine 
contractions mostly visible under the endometrium, 
may influence IVF success (7-9). Low or absent uter-
ine contractility is preferred during the embryo im-
plantation phase (10). Pharmacological intervention 
or surgical corrections to alter uterine contractions can 
enhance implantation success (11-13). A comprehen-
sive characterization of uterine contractions outside 
pregnancy is essential to identify the patients who may 
benefit (most) from regulating uterine contractility 
(14). Transvaginal ultrasound (TVUS) offers a non-
invasive and cost-effective method to measure uterine 
activity (15). Quantitative strain imaging performed 
by speckle tracking techniques, such as block match-
ing (BM) (16-18) and optical flow (OF) (19, 20), can 
analyze tissue displacement throughout the TVUS 
recording, and allow for a good and objective descrip-
tion of uterine deformation based on strain analysis 
(17). A recent pilot study combined electrohysterog-
raphy (EHG) and TVUS to predict uterine activity as 
favorable or adverse to successful ET using machine 

learning (18). However, EHG features demonstrated 
limited predictive value compared to TVUS features. 
Studies have shown that embryo transfer outcomes 
are more directly influenced by uterine peristalsis in 
the subendometrial layer, which TVUS can assess 
with high resolution, whereas EHG primarily captures 
electrical activity in the outer myometrial layer (7-9). 
Furthermore, combining EHG and TVUS introduces 
complex measurement setup and signal processing, 
which hinders clinical adoption. Developing predic-
tive models based on TVUS alone can simplify the 
protocol and accurately characterize uterine peristal-
sis, potentially leading to improved clinical decision- 
making, e.g., postponing ET to a natural cycle or af-
ter pharmacological modulation of the uterine activ-
ity (13, 21). The aim of the present study is to build 
a machine learning framework to enhance the gener-
alizability and reliability of IVF outcome predictions 
(prior to ET) based on quantitative analysis of uterine 
motion measured by TVUS only.

Methods

Study design

This multi-center observational prospective study 
was approved by the respective local ethics committees 
and all included patients provided written informed 
consent. All three clinical settings included patients 
undergoing IVF/Intracytoplasmic Sperm Injection 
(ICSI) treatment, with fresh transfer of a single good 
or excellent quality embryo graded by the Istanbul 
conference Alpha criteria (22). Exclusion criteria in-
cluded poor or moderate quality embryos, patients 
with severe (III/IV) endometriosis or adenomyosis, 
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hydrosalpinges and/or uterine anomalies. Each patient 
underwent a 4-minute B-mode TVUS recording of 
the uterus in mid-sagittal section within one hour be-
fore ET. 62 TVUS recordings were included in total.

Participants

From the IMPLANT 1 study (23), 31 IVF pa-
tients receiving placebo from one of the 60 partici-
pating fertility centers were included for secondary 
analysis in this study. These patients had a history of 
no more than one failed IVF cycle and underwent a 
gonadotropin-releasing hormone (GnRH) antago-
nist protocol with a single injection of human cho-
rionic gonadotropin (HCG) as the ovulation trigger. 
ET was performed on day 5. As a multi-center study, 
these recordings were acquired using different brands 
of ultrasound scanners and probes. More details on 
the patient enrollment and IVF protocol can be found 
in (23). At Ghent University Hospital (Belgium), 14 
IVF patients received GnRH for follicle stimulation 
and HCG injection trigger 34–36 hours before oocyte 
retrieval. ET was carried out on day 5. Eleven patients 
received an agonist protocol and three patients an an-
tagonist protocol. TVUS recordings were acquired us-
ing a Samsung-Medison WS80A scanner equipped 
with a V5-9 transvaginal convex 4D probe. More de-
tails can be found in (4). The third group of patients 
was included from Embryolab Fertility Clinic (Thes-
saloniki, Greece), 17 women underwent IVF treat-
ment using a short GnRH agonist protocol. ET was 
conducted on day 5. TVUS recordings were acquired 
using a GE Voluson SWIFT scanner equipped with 
a RIC5-9A-RS transvagianl convex 4D probe. The 
acquisition frame rate ranged from 25 to 30 frames 
per second. All 62 IVF-ET patients were divided into 
successful and unsuccessful ongoing pregnancy groups 
(Table 1). Successful ongoing pregnancy was defined 
as a positive fetal heart rate detected at a gestational 
age of at least 11 weeks (18).

Speckle tracking and feature extraction

TVUS speckle tracking is susceptible to acoustic 
artifacts such as shadowing and reverberation that dis-
tort speckle patterns. A quality check on each 4-min 

recording was performed to avoid significant and persis-
tent artifacts near the endometrium prior to the track-
ing process. One of the primary challenges in applying 
speckle tracking to TVUS recordings is out-of-plane 
(OOP) motion from subject or operator movement, as 
well as the possible occurrence of shadowing. To miti-
gate these effects, a two-step tracking algorithm was 
applied, as detailed in (19): (1) Endometrial midline 
tracking markers (TMs; blue dots in Figure 1) were 
manually placed and tracked by OF (24). The global 
(rigid) translation and rotation of the endometrium in 
each frame was estimated by tracking the line fitting 
these TMs. (2) A predefined grid of TMs along the 
endometrial walls (red dots in Figure 1) was updated 
per frame using these motion estimates, so as to main-
tain their position relative to the uterine morphology. 
OF tracking was then applied to these TMs only be-
tween consecutive frames, maintaining their anatomi-
cal position and effectively limiting the impact of OOP 
motion and shadowing, as possible tracking errors did 
not accumulate over consecutive frames. Furthermore, 
tracking quality was validated via Pearson correla-
tion coefficient (PCC) between consecutive frames. 
A sharp decrease in PCC indicated the presence of 
strong artifacts. A PCC>0.8 was considered as indicat-
ing valid tracking. Across 62 patients, average PCCs of 
0.9926 ± 0.0026 and 0.9121 ± 0.2724 were obtained 
from tracking the midline TMs and grid TMs, respec-
tively, confirming consistently high tracking quality. 

Figure 1. Grid positioning (red dots) alongside the endome-
trium for optical flow tracking in longitudinal (L) and radial 
(R) directions. 2D Transvaginal ultrasound image in midsagittal 
plane acquired from a healthy volunteer during the late follicular  
phase.
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Table 1. Baseline characteristics of the study group.

Patient Characteristics Ongoing Pregnancy (n= 26) No Ongoing Pregnancy (n=36) p-valuea

Setting (n (%))

0.066c•	 IMPLANT Study (n=34) 10 (38.5%) 24 (66.7%)

•	 Ghent University Hospital (n=14) 7 (27.9%) 7 (19.4%)

•	 Embryolab Fertility Clinic (n=14) 9 (34.6%) 5 (13.9%)

Age (years) 35.50 ± 7.21 33.40 ± 5.38 0.198d

BMI (kg/m2) 24.89 ± 3.43 24.63 ± 4.90 0.880d

Type of treatment (n (%))

0.687c•	 IVF 3 (11.5%) 4 (11.1%)

•	 ICSI 20 (76.9%) 30 (83.3%)

•	 Both 3 (11.5%) 2 (5.5%)

Infertility time (months) 34.71 ± 36.49 64.50 ± 35.02 0.165d

Cause of infertility (n (%))b  

0.747c

•	 Ovulation disorder 5 (41.7%) 3 (27.3%)

•	 Male factor 2 (25.0%) 4 (36.4%)

•	 Tubal Factor 1 (8.3%) 2 (18.2%)

•	 Idiopathic 2 (16.7%) 2 (18.2%)

Number of previous IVF cycles 2.15 ± 2.48 2.51 ± 1.64 0.707d

Endometrial thickness at ET (mm) 11.14 ± 2.55 8.55 ± 2.41 0.032d

Stimulation protocol (n (%))

0.203c•	 Agonist protocol 13 (50.0%) 12 (33.3%)

•	 Antagonist protocol 13 (50.0%) 24 (66.7%)

Gravidity 1.17 ± 1.53 1.18 ± 1.68 0.983d

Parity 0.25 ± 0.45 0.18 ± 0.40 0.708d

Data are presented as n (%) or mean ± standard deviation.a p-value was considered significant at <0.05.
b Cause of infertility details were missing for the IMPLANT study subgroup due to limitations to data access. c Chi-squared analysis. d T-test for 
independent samples. Abbreviations: BMI: body mass index; IVF: in vitro fertilization; ICSI: intracytoplasmic sperm injection; ET: embryo transfer.

Strain in radial and longitudinal directions, repre-
senting uterine muscle deformation, was calculated 
based on the displacements of each pair of adjacent 
tracking points. The study investigated 25 motion- 
related (Table 2) features derived from the strain sig-
nals in radial and longitudinal directions, originating 
from the anterior and posterior walls: contraction fre-
quency (CF), which counts zero-crossing instances 
per minute in the strain signal (18); mean frequency 
(MF), the average frequency of strain signals in the 
Fourier domain; standard deviation (STD), represent-
ing the strain signal amplitude; and unnormalized first 

statistical moment (UFM), measuring power with am-
plitude and frequency. Additional features were based 
on spatiotemporal analysis of the ultrasound video 
loops. Next to the longitudinal velocities (V) of the 
uterine contractions in both cervix to fundus (C2F) 
and fundus to cervix (F2C) directions (19), the con-
traction coordination between the anterior and poste-
rior walls, was assessed using five similarity measures 
between the propagation directions: correlation coef-
ficient (CC) (19), mean squared error (MSE), Haus-
dorff distance (HD) (19), Euclidean disatance (ED), 
and concordance correlation coefficient (CCC) (25). 
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the training data to reduce the influence of different 
feature scales on the machine learning algorithms. A 
categorized feature ranking approach (Figure 2c) was 
first implemented by selecting features from four cat-
egories: frequency, amplitude and power, velocity, and 
coordination. Wilcoxon rank sum test was employed 
to assess the statistical difference in every feature be-
tween successful and unsuccessful groups (26). All the 
features were ranked within each category according to 
their p-values in ascending order. The first N features 
in each category were chosen under the assumption 
that a lower p-value indicates better classification abil-
ity. The optimization of N was determined by a search 
within {2,3,4}. The optimum value was chosen based 
on the accuracy on the inner validation set. Sequential 
forward selection (SFS) was applied to the selected 
features for searching the optimal feature combination 
(27). The SFS procedure started with an empty set and 
sequentially loaded one feature at each iteration. Ad-
ditional features were then incrementally incorporated 
if their inclusion alongside existing features produced 

In our previous study, we evaluated reproducibility and 
variability of velocity and coordination features in ten 
healthy volunteers. The intraobserver reproducibility 
test was performed using three repeated grid posi-
tionings by one engineer, yielding excellent agreement 
(intraclass correlation coefficient, ICC > 0.9). For the 
interobserver variability assessment, two clinicians 
and an engineer independently analyzed the data, and 
good agreement was obtained (ICC > 0.75) (19).

Feature selection

The extracted features were fed into a dedicated 
machine learning framework to predict the IVF out-
come, as depicted in Figure 2. Feature selection was 
performed on the training data in the inner cross vali-
dation (CV) loop (Figure 2b) to identify a subset of 
relevant features from the original feature pool, miti-
gating overfitting problems and leading to faster and 
more accurate model realization. Prior to feature se-
lection, feature normalization was implemented on 

Figure 2. Schematic of the nested cross-validation (CV) framework. (a) Outer CV Loop: The 62-patient data-
set is split into 8 folds, with one-fold (7–8 patients) reserved as the test set and seven folds (54–55 patients) used 
as the training set. (b) Inner CV Loop: the training set is further partitioned using stratification into 7 folds (6-7 
patients each) and 1 fold (6-7 patients). (c) Categorized feature ranking: Features are ranked and filtered within 
each category by Wilcoxon rank sum test. (d) Hyper-parameter optimization for classifiers. The entire nested 
CV procedure is executed 10 times with randomized partitions.
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function kernel was used to improve the efficiency 
of data separation (29). Hyper-parameter optimiza-
tion (Figure 2d) was implemented using a full grid-
search method (30). To avoid overfitting, the searching 
ranges adopted were limited to {2-2, 2-1,...,22} for both 
the cost and the kernel scale. In SVM, the prediction 
threshold is a critical parameter used to determine the 
decision boundary for classifying data points into dif-
ferent classes. The optimal value of the threshold was 
identified by searching in the range of 0.1 to 0.9 in 
steps of 0.1. The best hyper-parameters were selected 
according to the accuracy metric on the inner valida-
tion set. By assuming the similarity of observations, 
K-nearest neighbors (KNN) classifies an observation 
based on a majority vote of its K nearest neighbors. 
The optimal number of classes, K, was determined by 
a search in the inner CV loop within the range {1, 3, 
5, 7} (18). The best K was selected according to the 
evaluation accuracy in the inner CV loop. Adaptive 
boosting (AdaBoost) generates a strong classifier from 
a set of weak learners (classifiers) by adjusting adap-
tively the weights of samples and classifiers (31, 32). 
The number of weak learners L was optimized in the 
inner CV loop in the present study in the range of 10 
and 40 in steps of 5. The best L was chosen based on 
the accuracy metric of the inner loop.

Model evaluation

For each nested CV repetition, a confusion ma-
trix was obtained from the test set in the outer loop, 
from which accuracy (ACC), sensitivity (SN), and 
specificity (SP) were derived to evaluate the perfor-
mance of the machine learning models with selected 
features and hyper-parameters in the inner loop. To 
assess the classification power of each classifier to 
distinguish between successful and unsuccessful preg-
nancy, a receiver operating characteristic (ROC) curve 
for each classifier was obtained by plotting the true 
positive rate (TPR) vs. the false positive rate (FPR). 
For each ROC curve, the area under the curve (AUC) 
was computed as a quantitative performance metric. 
The whole nested CV process was repeated ten times, 
and the average values of all the performance metrics 
(ACC, SN, SP and AUC) from these repetitions were 
considered.

the most substantial enhancement. This process con-
tinued until adding a new feature no longer yielded 
further improvements in accuracy.

Nested cross-validation

A nested CV procedure, comprising an inner 
CV loop (Figure 2b) nested within an outer CV loop 
(Figure 2a), was employed to develop a conservative 
and generalizable classification model (Figure 2). The 
62-patient dataset was first partitioned into 8 folds in 
a stratified manner to ensure the proportion of each 
class (i.e., successful vs. unsuccessful pregnancy, 26:36) 
is preserved in each fold. The training set consisted 
of 7 folds with 7-8 patients each for model develop-
ment, while the test set contained the remaining 1 fold 
(7-8 patients), strictly reserved for final evaluation. In 
the inner CV loop, the training set of 54-55 patients 
was further partitioned using stratification into 7 folds 
(6-7 patients each) and 1 fold (6-7 patients) to guide 
feature selection and hyperparameter tuning. Fea-
tures were first filterd by categorized feature ranking 
and iteratively added by SFS until the optimal feature 
combination was identified, while hyperparameters 
were optimized to maximize validation accuracy. This 
inner loop ensures that the optimal feature subset and 
hyperparameters are identified without exposing the 
model to the outer test data. The finalized model with 
the selected features and tuned parameters was evalu-
ated on the outer test fold. To reduce the uncertainty, 
the whole nested CV process was repeated 10 times 
with random splits of the observations into 8 folds in 
each repetition. The average model performance over 
the 10 repetitions was considered.

Classifiers

Three classifiers were trained and evaluated indi-
vidually to classify successful and unsuccessful preg-
nancy groups. To address the slight class imbalance, 
we implemented class weights for all three classifiers in 
the inner training set. Class weights were set inversely 
proportional to class frequencies, assigning higher 
penalties to misclassifications of the minority class to 
enhance model sensitivity. Support vector machine 
(SVM), is a powerful classifier (28). The radial based 
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obtained for each classifier, i.e., 8 folds in the outer 
CV loop time 10 repetitions. Leveraging these results, 
we calculated the occurrence frequency for each fea-
ture over 80 optimal combinations. Figure 3 shows the 
top 5 frequently selected features for the three adopted 
classifiers. Despite variations among the different 
classifiers, coordination-related features are the most 
frequently and consistently chosen in the optimum 
feature subset.

Classification performance

Table 3 shows the classification performance of 
the three classifiers in terms of ACC, SN, SP, and 
AUC. The results indicate SVM to produce the best 
classification performance, with an ACC, SN, SP, and 
AUC of 0.77 ± 0.06, 0.80 ± 0.05, 0.75 ± 0.07, and 0.81 
± 0.04, respectively. Figure 4 displays the averaged 
ROC curves for the three classifiers over 10 repetitions 
of the nested 8-fold cross validation.

Discussion

In this study, we investigated quantitative uterine 
motion assessment for improved prediction of IVF 
outcomes. A categorized feature ranking and SFS was 

Results

Patient inclusion and baseline characteristics

26 out of 62 included patients (41.9%) achieved 
an ongoing pregnancy (Table 1). Age, BMI, type of 
treatment, stimulation protocol, duration of infertil-
ity, number of previous IVF cycles, gravidity, and par-
ity did not differ statistically significantly between 
pregnant and non-pregnant groups (p > 0.05). Only 
endometrial thickness at time of ET was statistically 
significantly thicker in the pregnant group (p = 0.032).

Statistical feature analysis

An overview of 25 features is reported in Table 2.  
Successful and unsuccessful pregnancy groups were 
compared by Wilcoxon Rank Sum test (non-Gaussian 
distribution) and two-tailed Student’s t-test (Gaussian 
distribution). Significant differences between the two 
groups were observed in MF (mean frequency), UFM 
(unnormalized first statistical moment), V (velocity), 
and most coordination features.

Representative features

Given the adopted nested CV strategy, 80 mod-
els with different optimum feature combinations were 

Figure 3. Top 5 frequently chosen features by (a) support vector machine (SVM), (b) adaptive boosting (Ada-
Boost), and (c) K-nearest neighbors (KNN). Whereas, ‘A’, ‘P’, ‘R’, and ‘L’ indicate features extracted from the 
anterior side, posterior side, in the radial and longitudinal direction, respectively. “C2F” and “F2C” represent 
propagation direction from cervix to fundus and from fundus to cervix, respectively. CCC: concordance cor-
relation coefficient; CC: correlation coefficient; ED: Euclidean distance; UFM: unnormalized first statistical 
moment; MF: mean frequency; V: velocity; STD: standard deviation.
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Table 2. Statistical feature analysis.

Category Features
Ongoing Pregnancy

 (n= 26)
No Ongoing Pregnancy 

(n= 36) p-valuea AUCd

Frequency
(UC/min)

CFL,A 1.40 ± 0.19 1.42 ± 0.18 0.65b 0.51

CFR,A 1.45 ± 0.20 1.54 ± 0.24 0.11b 0.67

CFL,P 1.41 ± 0.21 1.43 ± 0.17 0.70b 0.61

CFR,P 1.49 ± 0.27 1.56 ± 0.21 0.28b 0.51

MFL,A 1.39 ± 0.15 1.47 ± 0.16 0.09c 0.54

MFR,A 1.43 ± 0.23 1.52 ± 0.20 0.12b 0.66

MFL,P 1.43 ± 0.14 1.45 ± 0.14 0.62b 0.52

MFR,P 1.47 ± 0.19 1.57 ± 0.19 0.047b 0.58

Amplitude 
(%)

STDL,A 7 (4) 5 (2) 0.07c 0.62

STDR,A 6 (5) 5 (3) 0.16c 0.62

STDL,P 6 (6) 6 (4) 0.95c 0.51

STDR,P 6 (4) 5 (3) 0.46c 0.55

Power 
(Hz)

UFML,A 1551.36 (1167.03) 893.23 (1058.75) 0.04c 0.60

UFMR,A 1116.20 (1341.03) 966.79 (835.46) 0.11c 0.59

UFML,P 1086.46 (2766.33) 982.43 (1395.07) 0.63c 0.49

UFMR,P 1254.81 (1626.71) 849.63 (1017.33) 0.34c 0.55

Velocity
(mm/s) 

VC2F,A 0.60 ± 0.16 0.65 ± 0.15 0.15b 0.59

VF2C,A 0.63 ± 0.17 0.68 ± 0.16 0.26b 0.60

VC2F,P 0.55 ± 0.17 0.64 ± 0.15 0.03b 0.67

VF2C,P 0.61 ± 0.15 0.65 ± 0.14 0.29c 0.60

Coordination
(—)

 CC 0.21 ± 0.31 -0.07 ± 0.27 0.0003b 0.77

MSE 0.22 ± 0.09 0.34 ± 0.14 0.0002c 0.78

HD 0.25 ± 0.12 0.27± 0.17 0.8697c 0.51

ED 1.86 ± 0.36 2.29 ± 0.45 0.0002c 0.78

CCC 0.17 ± 0.28 -0.06 ± 0.17 0.0003c 0.78

Data are presented as median (interquartile range) or mean ± standard deviation. ap-value was considered significant at <0.05. bT-test for Gaussian 
distributed data. cWilcoxon-sum rank test for non-Gaussian distributed data. dAUC values were obtained from logistic regression analysis. Abbre-
viations: UC: uterine contractions; CF: contraction frequency; MF: mean frequency; STD: standard deviation; UFM: unnormalized first statistical 
moment; V: velocity; CC: correlation coefficient; MSE: mean square error; HD: Hausdorff distance; ED: Euclidean distance; CCC: Concordance 
correlation coefficient. ‘A’, ‘P’, ‘R’, and ‘L’ indicate features extracted from the anterior side, posterior side, in the radial and longitudinal direction, 
respectively. “C2F” and “F2C” represent propagation direction from cervix to fundus and from fundus to cervix, respectively.

Table 3. Performance metrics of three classifiers.

Classifier ACC SN SP AUC

SVM 0.77 ± 0.06 0.80 ± 0.05 0.75 ± 0.07 0.81 ± 0.04

AdaBoost 0.74 ± 0.04 0.65 ± 0.06 0.81 ± 0.05 0.80 ± 0.03

KNN 0.70 ± 0.05 0.57 ± 0.08 0.79 ± 0.09 0.74 ± 0.05

All data are presented as mean ± SD. Abbreviations: ACC: accuracy; AUC: area under the curve; SN: sensitivity; SP: specificity; SVM: support vector 
machine; AdaBoost: adaptative boosting; KNN: K-nearest neighbors.
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Figure 4. Averaged receiver operating characteristic (ROC) curves of the three classifiers. SVM: support vector 
machine; AdaBoost: adaptive boosting; KNN: K-nearest neighbors.

adopted to address the unique challenges of our lim-
ited dataset. Wilcoxon rank sum test identified signifi-
cant features within each category, followed by SFS to 
optimize the remaining subset for improved classifier 
performance. This category-specific ranking ensured 
a balanced representation of uterine motion dynam-
ics, allowing us to explore the combined effects of fre-
quency, amplitude, velocity, and coordination features 
on IVF outcome prediction. By reducing the features 
to a subset of original, interpretable features that di-
rectly associated with relevant uterine motion patterns, 
we not only accelerated the optimization process, but 
reduced redundancy and overfitting risk as well as im-
proved generalizability and clinical interpretability. 
While popular dimensionality reduction techniques 
like PCA or t-SNE are valuable for high-dimen-
sional data, they transform the features into a new 
basis, which can obscure the physical meaning of the 

features, making it challenging to interpret results in 
the context of TVUS imaging. Our results (Figure 3)  
show that coordination features, describing the simi-
larity of the uterine peristaltic waves alongside the en-
dometrium, prevail in the top 5 features selected by all 
classifiers. This finding agrees with our statistical anal-
ysis in Table 2, where significant differences (p < 0.05) 
were found for most coordination features. In order 
to demonstrate the addictive value of our framework, 
we explicitly evaluate the classification performance 
of individual coordination metrics based on logistic 
regression analysis (Table 2). While coordination fea-
tures (CCC: AUC 0.78; CC: AUC 0.77; ED: AUC 
0.78) show strong individual performance, our SVM 
model based on feature selection achieves a 3–4% im-
provement in AUC. This aligns with our study’s goal 
to explore and leverage mechanistic relationships be-
tween uterine activity and fertilization outcomes: 
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on the same test set. Such a CV strategy may cause 
a “data leakage” problem and lead to overestimated 
model performance (34). A stricter nested CV strat-
egy was implemented in our study, where both feature 
selection and hyper-parameter optimization were per-
formed in the inner CV loop. This ensures that the test 
set remains completely unseen during model training, 
serving exclusively for evaluating the performance of 
the trained model. This approach leads to a more reli-
able and generalizable estimation of the model perfor-
mance. While this study identifies significant uterine 
motion features and achieves promising performance 
under strict validation, there are a few limitations that 
require further attention. Several works have proven 
the importance of clinical factors in IVF treatment 
success (3-6, 33), which were not evaluated in the 
present study. It maybe interesting to combine clini-
cal and uterine motion features to have an extended 
characterization and perhaps further improve IVF 
outcome prediction. There is a significant number of 
missing data regarding patient characteristics for IVF 
indication in the IMPLANT study subgroup (Table 
1). As we did not exclude patients according to IVF 
indications, this will likely not have any significant 
effect on the data or primary outcome, although the 
introduction of some confounding bias cannot be en-
tirely excluded. Our study did exclude severe (III/IV) 
endometriosis or adenomyosis, hydrosalpinges and/or 
uterine anomalies patients showing aberrant contrac-
tility (35). Future studies could investigate if and how 
uterine contractility is specifically affected in these 
groups in the IVF context. Lastly, the limited size of 
the dataset can potentially lead to over-fitting and re-
strict the prediction generalizability of the models. To 
address this problem, the employed dedicated strate-
gies, including class weighting on classifiers, feature 
selection, and nested cross-validation, were imple-
mented to reduce complexity, prevent data leakage and 
overfitting, and promote generalizability. These meas-
ures were further validated by our multi-center dataset, 
which was collected using different scanner protocols 
and patient demographics. Importantly, this study rep-
resents a preliminary exploration aimed at identifying 
predictive uterine motion features and hyperparam-
eters for IVF outcomes, rather than finalizing a fixed 

the obtained model performance gain suggests that 
no single metric fully explains the complexity of the 
uterine behavior, but their integration provides a more 
comprehensive view. Interestingly, MF was selected 
more than CF by all three classifiers. However, CF has 
previously shown better separation ability among four 
natural menstrual cycle phases (17) as well as between 
successful and unsuccessful pregnancies (18). This 
may be attributed to our feature selection procedure 
that the best individual features may not necessar-
ily provide the most suitable information for boost-
ing the model performance in combination with the 
other features. Note that, in this multi-center study, 
the TVUS recordings were collected using different 
scanners and probes, increasing significantly the inter-
subject variability. Discrimination between successful 
and unsuccessful pregnancies is therefore more chal-
lenging than for single-center patients, as performed 
in (4, 5, 9, 18, 33). Despite this, the achieved aver-
age classification performance by SVM (ACC: 0.77, 
SN: 0.80, SP: 0.75, and AUC: 0.81) is still promising. 
Several machine learning models have attempted to 
predict IVF success based on clinical characteristics. 
Clustering-SVM was developed to predict cumulative 
pregnancy rate before starting the IVF with only pa-
tient information and obtained the AUC value of 0.7 
(6). Similarly, Qiu et al. (5) used pre-treatment clinical 
variables to estimate the cumulative live birth chance 
of the first IVF cycle. Extreme gradient boosting 
outperformed SVM and random forest (RF) on the 
validation set (AUC: 0.73) and provided an average 
ACC of 0.7 in the repeated nested CV using the whole 
dataset. Blank et al. (4) combined both embryonic and 
clinical variables for IVF implantation prediction and 
achieved better performance (AUC: 0.74) with RF. 
Much better performance (ACC: 0.94, SN: 0.86, SP: 
1, and AUC: 0.86) with KNN was previously reported 
using uterine motion features extracted one hour be-
fore ET (18). Besides the differences in subject size  
(16 vs. 62 in our study) and origin, evaluation strategies 
between the two studies may also contribute signifi-
cantly to the results. Although a nested CV strategy 
was used in (18), the hyper-parameter optimization 
was performed in the inner CV loop only, while fea-
ture selection and model evaluation were performed 
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