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We aimed to develop and evaluate Explainable Artificial Intelligence (XAI) for fetal ultrasound using 
actionable concepts as feedback to end-users, using a prospective cross-center, multi-level approach. 
We developed, implemented, and tested a deep-learning model for fetal growth scans using both 
retrospective and prospective data. We used a modified Progressive Concept Bottleneck Model with 
pre-established clinical concepts as explanations (feedback on image optimization and presence of 
anatomical landmarks) as well as segmentations (outlining anatomical landmarks). The model was 
evaluated prospectively by assessing the following: the model’s ability to assess standard plane 
quality, the correctness of explanations, the clinical usefulness of explanations, and the model’s ability 
to discriminate between different levels of expertise among clinicians. We used 9352 annotated images 
for model development and 100 videos for prospective evaluation. Overall classification accuracy was 
96.3%. The model’s performance in assessing standard plane quality was on par with that of clinicians. 
Agreement between model segmentations and explanations provided by expert clinicians was found 
in 83.3% and 74.2% of cases, respectively. A panel of clinicians evaluated segmentations as useful in 
72.4% of cases and explanations as useful in 75.0% of cases. Finally, the model reliably discriminated 
between the performances of clinicians with different levels of experience (p- values < 0.01 for all 
measures) Our study has successfully developed an Explainable AI model for real-time feedback to 
clinicians performing fetal growth scans. This work contributes to the existing literature by addressing 
the gap in the clinical validation of Explainable AI models within fetal medicine, emphasizing the 
importance of multi-level, cross-institutional, and prospective evaluation with clinician end-users. 
The prospective clinical validation uncovered challenges and opportunities that could not have been 
anticipated if we had only focused on retrospective development and validation, such as leveraging AI 
to gauge operator competence in fetal ultrasound.
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Fetal growth assessment is a crucial aspect of prenatal care, and ultrasound is the primary tool used for its 
evaluation. However, the accuracy of ultrasound examinations is highly operator dependent. Insufficient 
operator skills result in poor ultrasound images, which again impacts diagnostic accuracy when predicting birth 
weight1.

Artificial intelligence (AI) techniques such as deep learning are now increasingly being used in other areas 
of medical imaging for automated image analysis and feedback to clinicians2. Within the field of obstetric 
imaging, deep learning has been used for a variety of applications, including anomaly prediction, standard 
plane detection, and automated caliper placement3–6 Existing approaches have described how to automate tasks 
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normally performed by clinicians; however, relatively little attention has been invested in how deep learning 
can augmentclinicians’ performances through actionable feedback. This may be a consequence of the limited 
explainability offered by existing ‘black box’ approaches that provide a prediction but fail to explain why or how 
this decision was made. Lack of explainability makes it difficult for clinician end-users to understand and trust 
deep learning models when they cannot evaluate the information that was used to arrive at a certain decision7–10 
.This motivates using Explainable AI (XAI) to provide actionable and trustworthy feedback to improve clinicians’ 
performances during fetal ultrasound scans.

Current approaches to validation of XAI models are often confined to retrospective datasets, within a 
limited number of hospitals, and often without any clinical evaluation of usefulness, correctness, or utility for 
patient care11 Hence, there is an unmet need to validate and evaluate XAI models across multiple hospitals, with 
several groups of clinicians prospectively, to gain insights into opportunities and barriers when developing and 
implementing XAI models for fetal ultrasound in the future.

This study aimed to develop an explainable deep learning model for fetal growth scans using actionable 
concepts as feedback to clinician end-users. The model was developed using large amounts of retrospective 
ultrasound data, implemented in a prospective dataset, and evaluated by clinician end-users.

Methods
Study design and data source
We used a combination of retrospective and prospective data for developing, implementing, and testing a 
deep-learning model for fetal growth scans. The study was reported according to the Checklist for Artificial 
Intelligence in Medical Imaging (CLAIM) guidelines12.

Retrospective dataset
The retrospective dataset, used for developing and testing the model, included DICOM images from 17 Danish 
hospitals obtained during standard clinical care. We extracted images from 3rd-trimester ultrasound (US) that 
included the following image classes (Standard and nonstandard planes): transthalamic planes, transabdominal 
planes, and femur planes, with gestational age (GA) > = 28 weeks (> = 196 days). Regarding the ultrasound device, 
no exclusions were made based on device type; all data were included regardless of the ultrasound machine 
used. No exclusions were made for pathological cases or twin pregnancies. To improve the model’s ability to 
distinguish between background and targeted plane images, an “Other” class was added to the training dataset. 
This class included 6010 two-dimensional background images from retrospective 2nd-trimester scans, such as 
spine, facial profile, placenta, feet, umbilical cord, amniotic fluid, aorta, bladder, and the 4-chamber view of the 
heart.

These images were paired with their corresponding maternal–fetal characteristics through the Danish Fetal 
Medicine Database (FØTO)13. The FØTO database contains information from all pregnant women scanned as 
part of standard antenatal care for pregnant women in Denmark.

Prospective data
In the prospective validation, we employed the Voluson E10 ultrasound machine for all scans.

The study involved 122 singleton pregnant women who were offered a growth scan from gestational week 
28. Informed consent, which included an agreement to access their medical records and a full-length video 
recording of the ultrasound screen, was obtained before the US was performed.

The clinicians performing the growth scans included non-experts (specialist obstetricians and obstetrician 
trainees) and experts (fetal medicine specialists and sonographers) who performed obstetric ultrasounds 
at Slagelse Hospital and Copenhagen University Hospital Rigshospitalet, Denmark. All clinicians received a 
questionnaire containing general information about the operators’ US experience, clinical title, and workplace 
name using REDCap electronic data capture tools14.

Prospective US videos
A data collection unit was constructed for recording videos of ultrasound examinations. The recording was 
started when the operators initiated the examination, and the operator ended the recording when the scan was 
completed.

Data management
The recordings were continuously uploaded to a secure server at DTU Compute in an anonymized form. 
Information about the video recordings, such as the video name, patient gestational age, body mass index, and 
estimated fetal weight, were collected using REDCap. All ultrasound images were stripped of calipers used to 
perform measurements using the Telea inpainting method as detailed in15.

Model development
The deep learning model used in this study was a modified Progressive Concept Bottleneck Model (PCBM)16. 
The PCBM is an intrinsically explainable model that provides two consecutive layers of explanation: the first 
layer consists of segmentations that give visual feedback to the clinicians on the anatomical structures visible in 
the image. The second layer consists of property concepts (explanations) such as symmetry, magnification, and 
visual quality of different anatomical concepts. The property concepts are scalar concepts (as known from the 
original concept bottleneck paper)17 that quantify the degree to which the image satisfies the ISUOG criteria 
with respect to symmetry, magnification, and visual quality of the relevant anatomical concepts (e.g. femur bone 
endpoints). More detail can be found in the technical paper by Lin et al.16.

Scientific Reports |         (2025) 15:2074 2| https://doi.org/10.1038/s41598-025-86536-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


We divided the retrospective dataset into training (n = 7527), validation (n = 662), and testing (n = 1163) sets 
on the subject level. The PCBM was trained to classify images into seven categories: femur standard plane, 
femur non-standard plane, standard transabdominal plane, transabdominal non-standard plane, transthalamic 
standard plane, transthalamic non-standard plane, and other class (not belonging to any of the considered 
anatomical planes).

Please see Supplementary Material 1 for a detailed description of the segmentation and explanations.
Appendix 1 shows the details of the PCBM architecture. Imitating the clinician’s decision process during fetal 

image quality assessment, the model consisted of three stages.
In the first stage, the observer block, a DTU-Net18 was used for image segmentation. The predicted 

segmentation from the observer was then concatenated and put into the second stage of the PCBM, the conceiver 
block.

In the second stage, the conceiver block consisted of three ResNet18 networks to predict the quality of 
structures, symmetry properties, and whether it is possible to place the calipers correctly. Caliper placement 
assesses whether it is possible to accurately position the calipers to measure key anatomical dimensions, such 
as biparietal diameter (BPD) and occipitofrontal diameter (OFD) in the transthalamic plane, ensuring that 
the measurements meet clinical standards. The predicted properties were then concatenated along with two 
additional properties, namely occupancy and angle, derived directly from the organ segmentations.

At the third stage of the PCBM, the concatenated property concepts were fed into a multi-layer perceptron, 
which we refer to as the predictor. The predictor outputs seven scores, corresponding to the seven categories 
defined above, which were converted to class probabilities using a softmax. The random seed was set to 42 
throughout the experiments for reproducibility. The conceiver was initialized with pre-trained weights from 
ImageNet, while the remaining PCBM blocks were initialized with a uniform distribution. The models were 
implemented in Python 3.10.8, PyTorch 1.13.0, and CUDA 11.7. All experiments were done on a server with 
AlmaLinux 8.7 system and two Nvidia RTX A6000 GPUs.

The observer, conceiver, and predictor were trained with the stochastic gradient descent optimizer. The 
initial learning rate was set to 0.1 and was reduced by half once the evaluation loss stopped improving. The L2 
regularization was set to 1e-4 to avoid over-fitting. The batch size was set to 32 for all three stages. The observer, 
conceiver and predictor were trained for 300, 500, and 100 epochs, respectively, where in each epoch, the model 
was trained on the training set and evaluated on the validation set. The model with the best performance on the 
validation set was selected as the best model. The observer was trained on the annotated segmentation ground 
truth with the target function described by Lin et al.18 The conceiver was optimized on a combination of binary 
cross-entropy loss, Huber loss, and Hinge loss. The binary cross entropy loss was applied to the non-quality 
properties, while the Huber loss worked on the quality grades. The Hinge loss was included for optimizing the 
ranking of the predicted quality grades within a batch. A cross-entropy loss was employed for the predictor. 
We evaluated the three stages by IoU, classification accuracy as well as mean squared error, and classification 
accuracy, respectively.

Prospective validation of model performance and explanations
During inference on the prospective video recordings, classification confidence was used to rank frames. In 
our experimental validation, we used AI-based autocapture as a validation of the model’s ability to quantify 
standard plane quality. Specifically, for each prospective video recording, we selected the frame with the highest 
confidence for the femur plane, transthalamic plane, and transabdominal plane as the AI-selected optimal 
standard plane. This approach allowed us to assess the model’s ability to rank images by their standard plane 
quality compared to a clinician.

To make the quality assessment and auto-capture robust, the model classification confidence for each frame 
was smoothed with a mean filter of width 10. The frame with the highest smoothed confidence was then selected 
for each anatomy plane.

The model was validated prospectively in four steps, using 100 prospective videos that were not accessed 
during the development and training of the model.

Step 1. Assessing the model’s ability to assess standard plane quality
In the first step of the validation, the AI’s ability to assess standard plane quality was tested. A range of expert 
clinicians compared the quality of operator-picked images with that of AI auto-capture images for each 
ultrasound examination video. For each recorded video, manual and auto-capture images of the femur plane, 
transthalamic plane, and transabdominal planes (300 comparisons in total) were rated by groups of expert 
clinicians (sonographers and fetal medicine specialists) at Slagelse Hospital and Copenhagen University 
Hospital, Rigshospitalet (RH). The study involved 36 different expert clinicians from two hospitals, consisting of 
eight fetal medicine specialists and 28 sonographers. On average, 8–12 raters participated each day.

The expert clinicians were blinded to the test and asked to choose the best image among options A, B, or 
to indicate if both were of equal quality. Additionally, each participant noted whether Image A and B met 
the standard plane criteria as prescribed by the ISUOG guidelines19. Expert clinicians from Slagelse Hospital 
validated the images collected at RH (n = 84), while expert clinicians at RH validated those collected at Slagelse 
Hospital (n = 216). The ratings were completed over a period of 14 days, taking a total of 199 min.

To eliminate any indication of which images were captured by a clinician, calipers were removed from the 
images, similar to the process used for the training data. Additionally, we ensured that the color tone of the 
manual capture images and the AI auto-capture images from the video were matched. If necessary, color tones 
were adjusted using histogram matching20.
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Step 2. Assessing the correctness of the explanations
In the second step, the accuracy of both explanations and segmentation (see Fig. 2) provided by the model was 
validated by two expert clinicians. A total of 120 images , representing low, medium, and high quality categories, 
were presented for evaluation, with 40 images for each of the three planes (transthalamic, transabdominal, 
and femur). The two expert clinicians evaluated the correctness of the explanations scores and segmentation 
concepts in duplicates. Disagreements were resolved by discussion until consensus. The ISUOG standard plane 
criteria were used as a guiding reference19.

Step 3. Assessing the clinical usefulness of model explanations
The third step, the clinical usefulness of the AI-auto-capture was evaluated by a diverse group of clinicians 
(sonographers, obstetricians, and trainees) from six hospitals in East Denmark. Each participant reviewed 
examples of high-quality and poor-quality images, along with their corresponding explanations and 
segmentations (4 images for each plane: transthalamic, transabdominal, and femur). Participants were then 
asked to indicate whether they found the model’s explanations and segmentations useful for each image (See 
Appendix 2).

Step 4. Assessing the model’s ability to discriminate between expert clinicians and non-expert clinicians
In the fourth step, we evaluated whether the model’s confidence could be used to assess the competence level of 
the ultrasound clinicians. We compared expert clinicians (fetal medicine specialists and sonographers) to non-
experts clinicians (obstetricians and trainees) by assessing the AI’s confidence in the standard plane quality of 
the three best images chosen by the operator from each recorded video.

Statistics
The model performance was evaluated using precision, recall and the F1 score. For each class, we denoted true 
positive, true negative, false positive, and false negative with TP, TN, FP, and FN respectively. Precision was 
defined as TP / (TP + FP), and recall was defined as TP / (TP + FN). F1 score was defined as 2*(precision*recall)/ 
(precision + recall). All distributions were inspected for normality and equality of variance, and in case of 
equality, the t-test was used, if not the Welch t-test was used. In case of non-normal distributions Wilcoxon 
or Mann–Whitney-U tests were used. For the statistical comparison of auto-captured and manual-captured 
images, we used mean and standard deviation (SD). We used Bonferroni correction of p-values to correct for 
multiple testing.

Statistical analyses were carried out using IBM SPSS Statistics (Statistical Package for Social Sciences, SPSS, 
USA) version 28 and SciPy version 1.11.121..

Ethics
The retrospective data has been approved by The Danish Data Protection Agency (Protocol No. P-2019–310) and 
The Danish Patient Safety Authority (Protocol No. 3–3031-2915/1), exempting the need for informed consent. 
Approvals from the Danish Data Protection Agency (Protocol No. P-2021–570) have been obtained for the 
prospective validation and implementation. Informed consent was obtained from the included pregnant women 
for the collection of prospective data. The project was submitted to the Regional Ethics Committee, which has 
assessed that the study is exempt from The Scientific Ethical Treatment Act (jr. nr. 21,024,445). All methods were 
performed in accordance with the relevant guidelines and regulations.

Results
A total of 3342 images were manually labeled from the retrospective data, and we added 6010 unlabeled ‘other’ 
class images to eliminate false-positive segmentation. For prospective validation of our AI model, we recorded 
122 full-length US growth scanning videos from n = 122 pregnant women at two different hospitals. Videos were 
between n = 2907 to n = 52,238 frames. See Fig. 1 for a flowchart. The demographic details are displayed in Table 
1.

Fetal anomalies and twin pregnancies were not included in the prospective evaluation of the model; only 
singleton pregnancies were included. Out of the 100 included pregnancies, 9% of fetuses were classified as large 
for gestational age (LGA), and 17% were classified as small for gestational age (SGA), while the remaining 74% 
were of normal weight.

For the retrospective dataset, no exclusions were made for pathological children or twin pregnancies. 
Consequently, this dataset included 8.5% twins, 0.3% triplets, and 0.02% quadruplets, with the rest being 
singleton pregnancies. In terms of pathology, 17.9% were SGA, 7.7% were LGA, and the rest were within the 
normal weight range. Additionally, 10.6% of fetuses had a registered anomaly.

Out of the 100 US growth scans used for prospective validation, 22 were performed by non-expert clinicians, 
while the remaining 78 were performed by expert clinicians. For the prospective validation, Voluson E10 
ultrasound machines were used. In the retrospective data, the distribution of devices used was as follows: 84.2% 
V830, 9.8% Voluson E10, 0.7% V730, 0.2% iU22, 0.2% Voluson S10, 0.09% Voluson S, 0.06% LOGIQ7 and 4.75% 
were unknown machines.

Model performance
The model performance is presented in Table 2. The overall classification accuracy achieved by the model was 
96.29%.
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Prospective validation
Step 1. Assessing the model’s ability to assess standard plane quality
Preferences for auto-capture or manual-capture images  The mean preference scores for both auto-capture and 
manual-capture images were calculated for all three planes, resulting in 22.8% (SD 2.5) preference for auto-cap-
ture, 24.5% (SD 2.7) for manual capture, and 52.6% (SD 3.1) for the equal quality.

To compare auto-capture and manual capture images, we summarized the raters’ preferences (panel of expert 
clinicians) by assigning two scores to each pair of images, reflecting the proportion of votes preferring the auto-
capture vs manual-capture images, respectively. When the raters considered both types of images to be of equal 
quality, a vote of 0.5 was added to both scores. A statistical comparison of the two modes of capture across 
the three anatomical planes (femur plane, transthalamic plane, transabdominal plane) is presented in Table 

Retrospective data

Prospective dataLabeled images Other images

Patient, N 1831 3063 100

Image/Video number, N 3342 6010 100*

Age (Mean, SD), years 31.58 (5.26) 31.61 (5.21) 32.28 (5.35)

BMI (Mean, SD) 23.43 (4.74) 22.93 (4.21) 28.61 (7.25)

GA (Mean, SD), weeks 31.07 (4.87) 24·08 (2.62) 32.98 (3.30)

Table 1.  It presents information about the retrospective and prospective data. The retrospective data includes 
image numbers, while the prospective data includes video numbers. (*) It should be noted that each video in 
the prospective data contains between 2907-52,238 frames. The BMI of women in the prospective data set was 
higher than for the women in the retrospective dataset.

 

Fig. 1.  A Flowchart Overview: Visualizing the model development and prospective validation. HC = Head 
circumference, AC = Abdominal circumference, FL = Femur length and GA = Gestational age. “Other” 
class = images not belonging to the anatomy of interest.
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3. Using Bonferroni correction for multiple testing, we obtained a threshold of 0.017 to achieve a significance 
level of 0.05. Our analyses revealed no significant differences between auto-capture and manual-capture images. 
Furthermore, no significant differences were observed when we stratified the groups by the performance of 
expert and non-expert clinicians during the full-length growth scans.

Fulfillment of standard plane criteria for auto-capture and manual-captured images:  As detailed in Table 4, 
manual-captured images were found to be standard planes significantly more often than auto-captured images 
for the femur plane. However, no significant differences were found for the other two anatomical planes, as 
presented in Table 4.

The agreement between two expert clinicians on the individual segmentation and explanations provided by 
the model is shown in Appendix 3. The expert clinicians agreed on all model segmentations and explanations in 
83.3% (SD 0.37) and 74.2% (SD 0.44) of cases, respectively.

Step 3. Assessing the clinical usefulness of model explanations
A total of 46 clinicians, including 14 expert clinicians, 18 obstetricians, and 14 trainees provided feedback on the 
model’s segmentation and explanation usefulness. According to the results presented in Table 5, the clinicians 
found the segmentation useful in 72.4% of cases, while the explanation was deemed useful in 75.0% of cases. 
A statistically significant difference was observed in the evaluation of segmentation and explanation usefulness 
between clinician groups, with obstetricians demonstrating a greater likelihood of perceiving the model’s 
segmentation and explanation as useful compared to experts and trainees (P < 0.001 and P < 0.004, respectively).

See Fig. 2 for an example of model output.

Step 4. Assessing the model’s ability to discriminate between expert clinicians and non-expert clinicians
The AI model’s confidence level in manual capture images was assessed across groups of clinicians categorized 
by their expertise. The results revealed that expert clinicians consistently achieved significantly superior 
image quality in each plane compared to non-expert clinicians. The results are presented in Table 6. A P-value 
of ≤ 0.017 is considered statistically significant following the application of the Bonferroni correction. Significant 
differences were observed between expert and non-expert clinicians for the femur plane, transabdominal plane, 

Auto-capture Mean (SD)
Manual captured
Mean (SD)

P-values
(Wilcoxon signed-rank test)

Femur plane 0.55 (0.35) 0.63 (0.31) 0.00067*

Transabdominal plane 0.40 (0.33) 0.35 (0.32) 0.018

Transthalamic plane 0.20 (0.24) 0.23 (0.24) 0.080

Table 4.  Comparison of auto-capture and manual-captured standard plane images according to ISUOG 
standard plane criteria. The results were reported as mean and standard deviation (SD). The P-value ≤ 0.017 is 
considered statistically significant.

 

Auto-capture Mean (SD)
Manual captured
Mean (SD)

P-values
(Wilcoxon signed-rank test)

Femur plane 0.47 (0.20) 0.53 (0.20) 0.13

Transabdominal plane 0.55 (0.21) 0.45 (0.21) 0.04

Transthalamic plane 0.46 (0.19) 0.54 (0.19) 0.05

Table 3.  Comparison of Best Auto-Capture Images and Manual-Captured Images for Each Plane, Presented 
as Mean and Standard Deviation (SD). The P-value ≤ 0.017 is considered statistically significant following the 
application of the Bonferroni correction.

 

Precision Recall F1 score

Femur SP 0.92 0.97 0.95

Transabdominal SP 0.73 0.87 0.79

Transthalamic SP 0.57 0.96 0.72

Femur NSP 0.97 0.91 0.94

Transabdominal NSP 0.95 0.90 0.92

Transthalamic NSP 0.99 0.88 0.93

Other 1 1 1

Table 2.  Model performance. Precision, recall and F1 scores are standard validation metrics for classification, 
which are here computed as one class versus all. SP = Standard plane, NSP = non-standard plane.
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Expert clinicians (n = 78) Non-expert clinicians (n = 22)

P-value (Mann–Whitney U-test)
Manual-capture
Mean (SD)

Manual-capture
Mean (SD)

Femur plane 0.75 (0.30) 0.44 (0.41) 0.002

Transabdominal plane 0.34 (0.32) 0.13 (0.22) 0.007

Transthalamic plane 0.32 (0.31) 0.19 (0.24) 0.004

Table 6.  Model confidence for scans performed by expert and non-expert clinicians. Expert clinicians are 
fetal medicine specialists and sonographers, while non-expert clinicians refer to specialist obstetricians and 
obstetrician trainees.

 

Fig. 2.  Example of model output. The left image is the raw ultrasound image with segmentations in the middle 
and concept explanations to the right.

 

n = 12 images

Segmentation Explanation

Useful Neither nor Not useful

Total
N (%)

Useful Neither nor Not useful Total
N 
(%)

Clinicians
(n = 46)

Observed votes 
N (%)

Observed votes 
N (%)

Observed votes 
N (%)

Observed votes 
N (%)

Observed votes 
N (%)

Observed votes 
N (%)

Expert clinicians
(n = 14) 115 (68.9) 18 (10.8) 34 (20.4) 167 (100) 133 (80.1) 17 (10.2) 16 (9.6) 166 

(100)

Obstetricians 
(n = 18)

168
(77.8) 16 (7.4) 32 (14.8) 216

(100) 167 (77.7) 23 (10.7) 25 (11.6) 215 
(100)

Trainees (n = 14) 116 (69.0) 22 (13.1) 30 (17.9) 168 (100) 112 (66.7) 24 (14.3) 32 (19.0) 168 
(100)

Total N (%) 399 (72.4) 56
(10.2)

96
(17.4) 551 (100) 412 (75.0) 64

(12.0)
73
(13.0)

549
(100)

Table 5.  Evaluations of the usefulness of model segmentations and explanations across different groups of 
clinicians. Experts clinicans are fetal medicine specialists and sonographers.
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and transthalamic plane. In Appendix 4, we compare the auto-capture with manual capture images for clinicians 
with varying levels of experience. For Femur plane images, the expert clinicians selected better images than the 
auto-capture.

Discussion
In this study, we developed an AI model capable of assessing the quality of and providing feedback on standard 
plane images of the fetal transthalamic plane, transabdominal plane, and femur plane in real-time videos. 
Our study addresses the important gap in the existing literature22–25, where few studies have included clinical 
validation of XAI models26,27.While the majority of existing studies on deep learning have been retrospective22, 
with limited efforts to apply these findings to the dynamic and unpredictable clinical environment using ‘black-
box’ AI models, our study makes a substantial contribution. We developed our AI model using retrospective 
data from multiple hospitals and validated it on prospective full-length growth scan videos. Our study adds 
quality to the existing literature in this area28,29 by involving a larger group of expert clinicians to validate the 
image quality preferences of the AI algorithms compared to those of clinicians. Further, it assesses the usefulness 
of XAI by end-users, evaluating explanations and feedback on relevant anatomical landmarks across multiple 
hospitals and among different health professionals with varying expertise (sonographers, fetal medicine experts, 
board-certified obstetricians, and trainees).

In the broader context of AI explainability, heatmap XAI techniques such as Grad-CAM (Gradient-weighted 
Class Activation Mapping)30have been popular for explaining the decisions of convolutional neural networks 
(CNNs), also in fetal ultrasound31–33. While these are useful for identifying important regions, it is generally 
recognized in the literature that they may face limitations in precision and contextual detail, which can affect 
their clinical relevance9–11,31,33,34. This issue is compounded by the fact that interpreting Grad-CAM outputs 
typically requires a certain level of technical expertise that many clinicians may not have. This gap between the 
complexity of the tool and the user’s expertise can limit its practical application in a clinical setting9,10,34. These 
limitations underscore the need for XAI to be more closely aligned with the clinical process.

In addition to developing an XAI model that allowed insights into the model’s predictions, our study is 
the first to use an AI model to measure clinician competence in the context of fetal ultrasound. Importantly, 
this offers new ways to assess and improve ultrasound competence by offering actionable feedback without 
the presence of clinician expert supervisors, which can be time-consuming and often infeasible beyond initial 
training35,36. The finding that image quality is both a meaningful and useful measure of feedback for clinicians and 
reflects differences in their competencies, supports the potential for collaboration between XAI and clinicians’ 
underlying reasoning. Yet, the model’s segmentations and explanations were perceived as useful in 74.5% and 
74.3% of cases, respectively. We also noted that participants were more likely to find feedback and segmentations 
less useful when image quality was poor, whereas high-quality images led to more favorable evaluations. This 
observation aligns with recent research, such as the study by Taksoee-Vester et al., which demonstrated that 
clinician agreement with AI segmentation improves with better image quality and that clinicians generally 
outperformed the AI in low-quality image scenarios37.

Obstetricians were more likely to find the model useful. Surprisingly, the usability score was lower among 
trainee clinicians compared to obstetricians and expert clinicians. However, this perception of usability does not 
necessarily reflect who actually benefits from the model feedback38,39. For example, a recent study in radiology 
demonstrated that experience, specialization, and prior use of AI tools are not reliable indicators of who benefits 
most from AI assistance40.

Our study has several strengths, including testing the model on a large retrospective dataset before validating 
it on prospective full-length videos. We assessed the model’s usability, the correctness of its segmentation and 
explanation, and its ability to measure clinicians’ competence. Additionally, despite the majority of patients in 
the retrospective dataset being of normal weight, our AI model performed well on patients with a high BMI in 
the prospective data.

There are some limitations to our study. We did not assess the impact of our model on improving the quality 
of clinicians’ scans or on clinical outcomes. Participation in the model’s usability testing was voluntary, which 
may have introduced selection bias. Importantly, in our study design, the clinicians were unable to interact 
with the model explanations if they, for instance, wished to change one of the concept assumptions. This lack 
of interactivity with an XAI model may limit true human-AI collaboration. Future studies should explore how 
interaction effects between clinicians and AI expertise could enhance collaboration.

Conclusion
Our study has successfully developed an Explainable AI model for providing real-time feedback to clinicians 
performing fetal growth scans. This work contributes to the existing literature by addressing the gap in the 
clinical validation of Explainable AI models. It highlights the importance of multi-level, cross-institutional, 
and prospective evaluation with clinician end-users. The prospective clinical validation revealed challenges and 
opportunities that might not have been apparent through retrospective development alone, such as using AI to 
assess clinicians’ competence in fetal ultrasound. Future research on Explainable AI in fetal medicine should 
include validation across a broad selection of clinician end-users to fully understand potential challenges and 
opportunities, thereby optimizing clinician-AI collaboration.

Data availability
We will provide data to support our findings upon reasonable request. However, we cannot share the entire da-
taset as this is protected by institutional regulations. However, the code can be shared after the publication of the 
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paper upon request under a non-commercial license. For inquiries regarding data availability and code , please 
write prof. Martin GrønnebækTolsgaard: martin.groennebaek.tolsgaard@regionh.dk.
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