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SPEED-TR: a self-distilled and pre-trained
transformer model for enhanced ECG
detection of tricuspid regurgitation
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XiaolinDiao1,5,Wei Xu2,3,5, HuaibingCheng3,5, Ya Zhou1,5, YangLiu1, Yanni Huo1, Jianli Lu1, JinghanHuang3,
Jia He3, Fang Liu3, Zhihui Cao1, Xue Zhang1, Wei Zhao4 & Xiaohan Fan2,3

Tricuspid regurgitation (TR) remains underdiagnosed due to the lack of effective screening tools. We
developed a self-distilled and pre-trained transformer model for detecting TR (SPEED-TR) from
electrocardiography. Themodel was trained using 466,149 electrocardiogram-echocardiogram pairs
from 291,673 patients and validated in one internal (63,925 patients) and two external cohorts (44,951
and 21,300 patients). SPEED-TR accurately detected moderate-to-severe TR in the hold-out set
(AUROC 0.945, NPV 0.983; specificity 0.973) and maintained stable performance in multi-center
testing sets (AUROCs0.939–0.943;NPVs0.978–0.988). Three thresholdsenabledSPEED-TRseverity
grading: none (0–0.008), mild (0.008–0.255), moderate (0.255–0.755), and severe (0.755–1), achieving
accuracies of 0.749 (hold-out), 0.730 (internal), 0.775 and 0.726 (external), with overall accuracy of
0.744. SPEED-TR remained robust in patients with 1 to ≥3 risk factors and 1 to ≥2 valvular diseases.
SPEED-TR demonstrated potential as a screening tool and may provide reference for TR severity
assessment.

Tricuspid regurgitation (TR) represents one of the most common forms of
valvular heart diseases (VHDs), with a tendency for prevalence to increase
with advancing age1. Prior investigations have reported that the incidence of
asymptomatic moderate-to-severe TR patients ranges from approximately
2.7% to 13.8%2,3. Severe TR may lead to increased right ventricular load,
decreased cardiac function, and even heart failure4. These patients are
typically diagnosed and treated only after presenting with significant
symptoms of right heart failure5,6. However, due to severe systemic end-
organ involvement, pharmacological and surgical interventions are poorly
effective during this period,with all-causemortality rates ranging from7.4%
to 69% in the following years7–9. The advancement of surgical techniques has
led to the observation that early surgical intervention is associated with
lower rates of comorbidity morbidity, operative mortality, and long-term
mortality10–12. Additionally, with the rapid development of transcatheter
valve intervention in recent years, transcatheter tricuspid valve intervention
(TTVI) has also been developedwith greatmomentum. The optimal timing
of TTVI is still inconclusive, but some studies pointed out that TR should be
treated at early stage13. Thus, timely detection and intervention are likely to

be more beneficial for the long-term prognosis of patients with TR. It is
imperative to develop a practical and economical screening tool for the early
detection of TR.

The traditional diagnosis of TR primarily relies on echocardiography
(ECHO), computed tomography (CT),magnetic resonance imaging (MRI),
and central venous pressure, which are costly and require professional
technicians, contrast agents, and invasive procedures14. In contrast, elec-
trocardiography (ECG) offers several advantages, including simple opera-
tion, real-timemonitoring,wide availability, non-invasiveness, and lowcost,
making it an ideal tool for large-scale screening of high-risk populations.
However, the ECG features may not be specific in VHDs, such as the ECG
may show modifications in the P and QRS waveforms, right ventricular
hypertrophy, right bundle branch block (RBBB), or atrialfibrillation (AF) in
patientswithTR15. It is difficult for clinicians to diagnoseTRby using ECGs,
due to the lack of specificity of ECG findings in TR. In recent decades,
artificial intelligence (AI) technology is gradually being integrated into the
diagnosis of heart diseases16. Among them, the application of AI in ECG
analysis has received increasing attention17. Studies have demonstrated the
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efficacy of deep learning models of ECGs in the diagnosis of AF18, left
ventricular systolic dysfunction19, aortic stenosis (AS)20, and mitral regur-
gitation (MR)21. Furthermore, AI technology may assist in identifying cer-
tain subtle features on ECGs that are challenging for humans to detect22.
However, few studies have been conducted to construct AI-based ECG
models for diagnosing TR.

Theobjectiveof this studywas to evaluate the efficacyof adeep learning
model for the detection of TR using a standard 12-lead ECG.We developed
Self-Distilled and Pre-trained Transformer model for Enhanced ECG
Detection of Tricuspid Regurgitation (SPEED-TR), a Transformer-based
model that integrates self-distillation and self-supervised pre-training to
enhance recognition of subtle ECG features and TR detection. The model
was trained on a large ECG-ECHO paired dataset from Fuwai (FW) Hos-
pital, the national center for cardiovascular diseases of China. The model
was evaluated by using multi-center datasets, one internal (data from FW
hospital) and two external testing sets [data from Yunnan Fuwai (YF)
Hospital and Shenzhen Fuwai (SF) Hospital]. Model performance across
multiple dimensions was assessed, including under different TR degrees, or
specific subgroups with different TR risk factors or other VHDs.

Results
Population characteristics
The baseline characteristics of the model development datasets (training,
validation, and hold-out testing sets) were presented in Table 1. Overall,
patients with TR in the development datasets were older, had a higher
proportion of female patients, and weremore likely to have other VHDs. In
terms of ECG characteristics, TR patients had faster heart rates, longer PR
intervals and correctedQT intervals (QTc), widerQRS intervals, and higher
rates of AF/atrial flutter (AFL), ventricular premature complexes, right
bundle branch block (RBBB), intraventricular conductiondelay, right or left
axis deviation, and low voltage in limb leads. Regarding ECHO measure-
ments, individuals with TR exhibited reduced left ventricular ejection
fraction (LVEF) compared with patients without TR.

The baseline characteristics of multi-center evaluation datasets were
shown in Table 2. The average age (56.5 ± 13.7, 56.2 ± 14.1, and 50.8 ± 24.6)
of patients in three centers were similar to that of model development
datasets (55.4 ± 14.2, 54.2 ± 14.2, and 54.4 ± 14.2). Some of the ECG and
ECHO parameters were significantly different between patients with and
without TR due to the large sample size.

Model performance across multi-center datasets
Figure 1 showed the receiver operating characteristic curves and precision-
recall curves of the SPEED-TRmodel across allmodel development datasets
and multi-center evaluation datasets. Table 3 summarized the evaluation
metrics of the model in the hold-out testing set, FW testing set and the two
external testing sets. In the hold-out testing set (Fig. 1C), the SPEED-TR
achieved an area under the receiver operating characteristic curve (AUROC)
of 0.945 [95% confidence interval (CI), 0.939–0.951] and an area under the
precision-recall curve (AUPRC) of 0.519 (95%CI, 0.487–0.552). In addition,
themodel performed excellentlywith specificity of 0.973, sensitivity of 0.568,
positive predictive value (PPV) of 0.448 andnegative predictive value (NPV)
of 0.983 (Table 3). Further analyses results demonstrated the effectiveness of
various model components (Supplementary Table 1). Comparison of the
performance among logistic regression (LR) models and SPEED-TR was
reported in Supplementary Table 2, presenting a statistically significant
difference (P < 0.05). The results showed that the SPEED-TR model out-
performed the traditional LR models constructed based on baseline char-
acteristics (LR Model 1) or risk factors (LR Model 2).

The performance of the SPEED-TR was also evaluated across multi-
center validation testing datasets: FW internal testing set, and two external
testing sets (YF and SF testing sets). In the FW testing set (Fig. 1D), the
SPEED-TR achieved an AUROC of 0.939 (95% CI, 0.935–0.943) and an
AUPRC of 0.550 (95%CI, 0.531–0.571), with specificity of 0.977, sensitivity
of 0.543. In the YF and SF testing sets (Fig. 1E, F), the SPEED-TR model
achieved AUROCs of 0.943 and 0.937, AUPRCs of 0.496 and 0.372,

respectively. The SPEED-TR yielded specificities of 0.976 and 0.971,
respectively. The PPVs varied across the three testing sets, with the highest
value of 0.524 in the FW testing set and the lowest of 0.339 in the SF testing
set. The NPVs were consistently high across all the testing sets (0.978 FW,
0.986 YF, 0.988 SF). The high NPV indicated the strong ability of the
SPEED-TR model to correctly identify negative cases. Overall, the model
achieved an accuracy ranging from 0.957 to 0.963, demonstrating a high
ability of distinguishing between TR (moderate or severe) and non-TR
(none ormild) across all testing sets. Calibration curves demonstrated good
probability estimation, with brier scores varying from 0.021 to 0.025 across
all the datasets (Supplementary Fig. 1).

TR degree Grading Based on SPEED-TR
We evaluated the ability of the SPEED-TR model for grading TR degree
(none, mild, moderate, severe) based on the trained binary classification
model for identifying TR. The prevalence of TR in different severity grades
(none, mild, moderate, and severe) across all datasets is provided in Sup-
plementaryTable 3. Figure 2 illustrated the predicted probability distribution
of the SPEED-TR model at different severity groups of TR on the hold-out
testing set, FW, YF, SF testing set, and the overall multi-center testing sets
(Fig. 2A–E). We used the boxplots and scatterplots in each subplot to
demonstrate the predicted probabilities of the model for different TR degree
cases.Thepredictionprobabilityof themodelwas adecimalnumberbetween
0 and 1, where a value closer to 0 meant the model was more likely to judge
the case as negative (with none or mild TR) and closer to 1meant themodel
was more likely to judge the case as positive (with moderate to severe TR).
The results demonstrated that the SPEED-TR consistently assigned higher
predicted probabilities tomoderate and severeTR cases across all testing sets.
In cases with severe TR subgroups among all testing sets, the SPEED-TR
exhibited the highest median predicted probabilities within 0.60–0.80.

As shown in Fig. 2F, three different probability thresholds were iden-
tified by maximizing the F1 scores on the validation set, using different
ECHO TR positive outcome definitions (i.e., defining at least mild, at least
moderate, or at least severe as positive). These thresholds were then used to
classify TR degree severity as: none (0 to 0.008), mild (0.008 to 0.255),
moderate (0.255 to 0.755), and severe (0.755 to 1). The accuracy of model’s
grading TRdegree was also evaluated in the hold-out testing set, FW,YF, SF
testing set, and the overall multi-center testing sets, achieving 0.749, 0.730,
0.775, 0.726 and 0.744, respectively.

Subgroup analyses
The SPEED-TRmodel achievedAUROCover 0.764 in the hold-out testing
set (Supplementary Fig. 2A) and over 0.776 across all subgroups with dif-
ferent risk factors in the overall multi-center testing sets [0.837 MR, 0.898
LVEF < 50%, 0.925 female, 0.924 age≥60 years, 0.790 AF/AFL, and 0.776
pulmonary hypertension (PH)] (Fig. 3A). A modest reduction in AUROC
wasobserved in patientswithPH(0.776) andAF/AFL (0.790).Additionally,
the model’s performance maintained good discriminatory ability even in
individuals combined with different numbers of risk factors, with the
AUROC of 0.923 (zero), 0.903 (one), 0.883 (two), 0.784 (three) and 0.759
(over three risk factors), respectively (Fig. 3A). The performance of SPEED-
TRmodel was also evaluated in subgroups based on otherVHDs, including
AS, aortic regurgitation (AR), mitral stenosis (MS), andMR in the hold-out
testing set (Supplementary Fig. 2B) and the overall population of multi-
center testing datasets (Fig. 3B, Supplementary Tables 6 and 7). The
AUROC of SPEED-TR model were consistently stable in both hold-out
testing set and the overall multi-center testing sets. Among patients with a
single type of VHD, the AUROC was 0.929 for AS, 0.891 for AR, 0.837 for
MR, and 0.783 for MS, with a reduction observed in the MS subgroup.
When individuals were classified into subgroups by combining with zero,
one, two, or over twoVHDs, theAUROCof themodel remainedover 0.815,
respectively, suggesting the model’s ability to maintain performance with
increasing valvular disease burden. The AUROCs in subgroups with dif-
ferent risk factors or VHDs in the hold-out testing set were consistent with
that in the overall multi-center testing sets. Detailed results for other
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performance metrics for subgroups of risk factors and VHDs, including
AUPRC, sensitivity, specificity, PPV, NPV, F1 score, and accuracy, are
presented in Supplementary Tables 4–7.

Besides, we conducted additional subgroup analyses to evaluatemodel
performance in different ECGsubtypes, including: patientswithbothRBBB
and right axis deviation (RAD), patients with only RBBB or only RAD, and
patients without either RBBB or RAD. The results showed consistentmodel

performance across all these subgroups in both the hold-out testing set and
the multi-center external testing set (Supplementary Table 8, Supplemen-
tary Fig. 3).

Discussion
This studydevelopedanAImodel (the SPEED-TR) for screeningTRusing a
single standard 12-lead ECG. The model performance demonstrated stable

Fig. 1 | ROC curves and PRC curves for model development datasets and multi-
center evaluation datasets. This figure presents the ROC curves and PRC curves
with 95% CIs in the A training set, B validation set, C hold-out testing set, D FW
testing set, EYF testing set and F SF testing set, respectively. AUROC area under the

receiver operating characteristic curve, AUPRC area under the precision-recall
curve, CI confidence interval, FW Fuwai Hospital, PRC the precision-recall curve,
ROC the receiver operating characteristic curve, SF Shenzhen Fuwai Hospital, YF
Yunnan Fuwai Hospital.

Table 3 | Model performance across hold-out testing set and multi-center testing sets

Testing set Outcome
rates

AUROC
(95%CI)

AUPRC
(95%CI)

Sensitivity
(95%CI)

Specificity
(95%CI)

PPV
(95%CI)

NPV
(95%CI)

F1
(95%CI)

Accuracy
(95%CI)

Hold-out
testing set

3.64% 0.945
(0.939, 0.951)

0.519
(0.487, 0.552)

0.568
(0.538, 0.600)

0.973
(0.972, 0.975)

0.448
(0.421, 0.474)

0.983
(0.982, 0.985)

0.501
(0.475, 0.525)

0.959
(0.956, 0.961)

FW testing set 4.49% 0.939
(0.935, 0.943)

0.550
(0.531, 0.571)

0.543
(0.526, 0.560)

0.977
(0.976, 0.978)

0.524
(0.507, 0.544)

0.978
(0.977, 0.980)

0.533
(0.518, 0.550)

0.957
(0.956, 0.959)

YF testing set 3.11% 0.943
(0.937, 0.948)

0.496
(0.469, 0.526)

0.574
(0.549, 0.599)

0.976
(0.975, 0.977)

0.433
(0.411, 0.458)

0.986
(0.985, 0.987)

0.494
(0.475, 0.516)

0.963
(0.962, 0.965)

SF testing set 2.55% 0.937
(0.927, 0.945)

0.372
(0.331, 0.418)

0.568
(0.526, 0.611)

0.971
(0.969, 0.973)

0.339
(0.306, 0.372)

0.988
(0.987, 0.990)

0.424
(0.391, 0.457)

0.961
(0.958, 0.963)

AUPRC area under the precision-recall curve, AUROC area under the receiver operating characteristic curve, CI confidence interval, FW Fuwai Hospital, NPV negative predictive value, PPV positive
predictive value, SF Shenzhen Fuwai Hospital, YF Yunnan Fuwai Hospital.
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and robust ability fordetectingmoderate to severeTR in thehold-out testing
set (AUROC0.945) andmulti-center internal (AUROC0.939) and external
validation testing datasets (AUROC 0.943 and 0.937, respectively).
The model also showed good performance across diverse populations
with different TR risk factors or VHDs, alone or combined with various
numbers of risk factors or VHDs. Furthermore, the model output prob-
ability values appeared to be associated with TR severity grading, indicating
a possible role in distinguishing different degrees of TR, which warrants
further validation. These findings demonstrated that the SPEED-TRmodel
may offer a cost-effective screening tool for initially detecting TR in
resource-limited settings.

Advanced AI techniques demonstrated strong performance in fields
such as natural language processing and computer vision23–25. The majority
of preceding studies on AI-based ECG diagnostic model have concentrated
on aortic and mitral valve lesions, with a limited number of studies
addressing TR diagnostic models15,26. Elias et al. developed and validated a
ConvolutionalNeuralNetwork (CNN)model using anECG-ECHOdataset
from 77,163 patients to identify left-sided VHDs, including AS, AR, and
MR, which achieved AUROC values ranging from 0.77 to 0.88, a PPV of
20% and a NPV of 97.6%21, but TR was not included in this study. Ameta-
analysis comprising 10 studies demonstrates the considerable value of ECG-
based AI screening for VHD, with highly accurate models, excellent

Fig. 2 | Distribution of prediction probabilities of SPEED-TR in different sub-
groups of TR severity and accuracy of SPEED-TR in grading TR severity across
different datasets. The figure illustrates the distribution of the predicted prob-
abilities of the SPEED-TR model on different subgroups of varying TR severity via
scatter plots and box plots, in A hold-out testing set, B FW testing set, C YF testing
set, D SF testing set and E overall multi-center testing set, respectively; and F the

accuracy of SPEED-TR in grading TR severity across the five testing sets, based on
the predicted probability for TR detection with the thresholds of 0.008 for mild,
0.255 for moderate and 0.755 for severe TR. FW Fuwai Hospital, SF Shenzhen Fuwai
Hospital, SPEED-TR the self-distilled and pre-trained Transformer model for
detecting tricuspid regurgitation, TR tricuspid regurgitation, YF Yunnan Fuwai
Hospital.
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sensitivity, specificity, and NPV, but the PPV was low (13%) which was
speculated that may be related to the intrinsic variability of ECG
recordings27. Nevertheless, among this meta-analysis, only one study by
Ulloa-Cerna et al. has focused on TR and developed a CNN model with a
PPVofmerely 0.16whenpredictingTR in isolation26. The study by Lin et al.
also demonstrated that, despite adjusting for age and gender, the model’s
AUROC for diagnosing TR was only 0.841, with a PPV of 0.392, and an
NPV of 0.94215. These findings further underscore the challenges associated
with the detecting TR by using ECG AI model.

In contrast to conventional CNN-based supervised learning approa-
ches, our study explores the application of Transformer-based self-super-
vised learning combined with a self-distillation strategy for the detection of
TR. The proposed method leveraged the self-attention mechanism of the
Transformer architecture, enabling more efficient capture of global

information. This approach allows for the extraction of intrinsic ECG
patterns from large unlabeled datasets through self-supervised learning.
Furthermore, the incorporation of self-distillation enhanced the model’s
performance, boosting its potential. By using this self-distillation approach,
ourmodel achieved high and stable AUROC in the hold-out testing set and
maintained consistent performance across multi-center internal and
external testing datasets. The largest sample size of ECG-ECHO pairs data
might be one important factor for the robust performance of our model.
Therefore, the SPEED-TRmodel outperformed thosedeveloped inprevious
studies in terms of AUROC, specificity, PPV, and NPV15,26.

Our results of subgroup analyses indicated that the SPEED-TRmodel
maintained high discriminatory ability across diverse population, including
those with one or more of risk factors for TR (e.g., reduced LVEF, female,
age ≥ 60 years, AF/AFL, PH), as well as thosewith one ormore of other type

Fig. 3 | ROC curves of SPEED-TR performance in different subgroups on the
overall multi-center testing set. A ROC curves of SPEED-TR in patients with
different TR risk factors, including PH, AF/AFL, age ≥ 60 years, female, LVEF < 50%
and MR, and patients characterized by differing numbers (0, 1, 2, 3 and over 3) of
these risk factors; and B ROC curves of SPEED-TR across patients presenting with
other typical VHDs, including AS, AR, MS or MR, and with 0, 1, 2 or over 2 types of
these VHDs on the overall multi-center testing set. AF atrial fibrillation, AFL atrial

flutter, AR aortic regurgitation, AS aortic stenosis, AUROC area under the receiver
operating characteristic curve, LVEF left ventricular ejection fraction, MR mitral
valve regurgitation,MSmitral valve stenosis, PH pulmonary hypertension, ROC the
receiver operating characteristic curve, SPEED-TR the self-distilled and pre-trained
Transformermodel for detecting tricuspid regurgitation, TR tricuspid regurgitation,
VHD valvular heart diseases.
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of VHDs (e.g., AS, AR, MS and MR). The SPEED-TR model achieved
AUROC of over 0.8 in those with one of other risk factors or VHDs except
for in patientswithPH, orAF/AFL, orMS.Despite the challenges associated
with interpreting ECG features in patientswith over 2 risk factors or VHDs,
the SPEED-TR performed still well with AUROC between 0.759 and 0.883.
In addition, the SPEED-TRmodel demonstrated consistently high NPV of
above 0.97 in all testing sets. Consistently highNPVof over 0.832was found
acrossmost patientswith one of risk factors or one ofVHDs except for those
with PH (0.795) or with over 3 risk factors (0.712).

Although AUROC remains high, both PPV and AUPRC were rela-
tively low,which is likely attributable to the lowprevalence ofTRcases in the
dataset. Unlike AUROC, PPV and AUPRC are more sensitive to class
imbalance and tend to decrease when the prevalence of positive cases is
low26.We selected the classification thresholdbymaximizing theF1 scoreon
the validation set to balance sensitivity and PPV for TR detection. The
threshold selection process is important because it directly influences how
well the model adapts to the clinical context, ensuring it optimizes perfor-
mance for real-world applications. It is important to note that the model is
threshold-independent and can be adjusted to accommodate different
clinical priorities. For example, lowering the threshold may increase sensi-
tivity to reduce missed cases in screening settings, while raising it may
improve PPV to limit unnecessary follow-up in resource-constrained
environments. These trade-offs are reflected in the precision–recall curve,
which can assist clinicians in selecting thresholds appropriate to their spe-
cific context.

The SPEED-TRmodel also demonstrated the potential to estimate TR
the gradeof severity fromECGbyusing three different thresholds to identify
the possible TR degrees (none,mild,moderate, and severe) with accuracy of
over 72% across multiple datasets. Notably, the model exhibited high dis-
crimination for identifying patients with no TR or severe TR, suggesting its
utility in effectively ruling out TR in low-risk individuals and prompting
further echocardiographic evaluation in those with a high predicted prob-
ability. However, the performance was relatively lower in differentiating
mild from moderate TR, likely due to overlapping clinical features. The
SPEED-TR model may be useful in large-scale screening programs or
resource-limited settings to identify patients who are more likely to benefit
from echocardiographic examination, while potentially reducing unneces-
sary imaging in those with low predicted risk. Future studies incorporating
multimodal data are warranted to further optimize its clinical applicability,
particularly in the assessment of borderline TR severity. Several limitations
need to be mentioned. Firstly, the diagnosis of TR in this study was deter-
mined based on ECHO reports, which may be influenced by variations in
ultrasound interpretation across different sonographers. However, huge
ECHO-ECG paired data and multi-center datasets may balance the con-
founding of the variations among different sonographers. Second, the
generalizability of the SPEED-TR model to other racial populations might
be limited since only Chinese population were included into our study.
Future studies involving diverse, international cohorts are warranted to
further validate and enhance its generalizability. Third, patients with
pacemaker implants orprior tricuspid valve surgerywere excluded fromthis
study. So it is unable to evaluate the performance of SPEED-TR in this part
of population. Additionally, due to the absence of routine etiological clas-
sification in echocardiographic reports, the SPEED-TR could not be eval-
uated separately for atrial, ventricular, or mixed TR subtypes. As recent
studies highlight important differences among these subtypes, future
research is warranted to explore subtype-specific model performance28.

In conclusion, this study developed the SPEED-TR model for
screening TR by using a standard 12-lead ECG with robust performance
across all diverse evaluation datasets. Subgroup analyses further validated
the consistently goodmodel performance in patientswith orwithoutVHDs
and/or TR risk factors. The observed association between the model output
probabilities and TR severity suggests that themodelmay provide reference
value for TR grading. The SPEED-TR model may serve as a non-invasive
and scalable screening tool to rapidly rule out TR or identify patients at
higher risk who warrant further echocardiographic evaluation.

Methods
Study population
Figure 4 shows the schematic of study design and data inclusion and
exclusion. Data from FW Hospital between January 2015 and December
2022 were consecutively collected and screened for model development.
Multi-center data was used for performance evaluation, including internal
testing set from FW Hospital between January 2023 and June 2023, and
external testing sets from YF Hospital and SF Hospital, between January
2022 andDecember 2023. This studywas conducted in accordancewith the
Declaration of Helsinki and approved by the Ethics Committee of Fuwai
Hospital (Approval No. 2023-1945), with local approval obtained from
Shenzhen Fuwai Hospital and Yunnan Fuwai Hospital. The institutional
review board allowed us to waive the requirement for obtaining informed
consent to the study because the data are acquired for routine patient care
and all data used for this study were acquired for clinical purposes and were
handled anonymously.

In the model development stage (Fig. 4A), two datasets were used: the
pre-training set for model pre-training, and the ECG-ECHO paired set for
model post-training. Adult patients, who had at least one standard 10 s 12-
leadECGcollectedunder supine position andwith complete digital data and
report of ECG from FW Hospital between January 2015 and December
2022, were initially considered, leading to a starting pool of 516,884 patients
with 861,324 ECGs. For the ECG-ECHOpaired set, patients without ECHO
reportswere excluded. 350,767patientswith 674,306 available ECGs and the
pairedECHOreports closest to eachECGof these patientswere gathered for
further analysis. Exclusion criteria included: 1) ECG-ECHOpairs with their
interval of more than 30 days; 2) ECG-ECHO pairs of patients underwent
heart transplantation, implantation of defibrillator or pacemaker, left ven-
tricular assist device implantation, tricuspid valve plasty or replacement; 3)
ECG-ECHO pairs, without clear diagnosis or classification of valvular ste-
nosis or regurgitation in ECHOreports. After exclusions, therewere 466,149
ECG-ECHO paired data of 291,673 patients were included. We subse-
quently split them into 233,339 patients for training, 29,167 patients for
validation and 29,167 patients for hold-out testing at a ratio of 8:1:1. Finally,
for patients with multiple ECG-ECHO pairs, all 372,476 ECG-ECHO pairs
were included in the training set, while only the earliest pairs were retained
for the validation set (29,167 ECG-ECHOpairs) and the hold-out testing set
(29,167 ECG-ECHO pairs). For the pre-training set, we excluded the ECGs
ofpatients in the aforementionedvalidationand testing sets fromthe starting
pool and finally included 666,020 ECGs of 458,550 patients.

For multi-center evaluation, we collected one internal testing set (FW
testing set), and two external testing sets, YF and SF testing sets (Fig. 4B).
Adult patientswith at least one availableECGandpairedECHOreportwere
included according to the same inclusion and exclusion criteria. Consistent
with the validation and hold-out testing set, only the earliest ECG-ECHO
pair data of each patient was used. Finally, the FW testing set included
63,925 ECG-ECHO pairs from January 2023 to June 2023. The YF testing
set comprised 44,951 ECG-ECHO pairs from YF Hospital, and the SF
testing set included 21,300 ECG-ECHO pairs from SF Hospital between
January 2022 and December 2023. The overall multi-center sets included
130176 ECG-ECHO pairs from 130176 patients.

Outcome definition
The outcome TR in this study was confirmed based on ECHO reports by
cardiac sonographers. ECHOswereperformedusingEpic7CColorDoppler
Ultrasound Instrument, S5-1, S8-3 Probes, Frequency Rate 2.5 ~ 7.5MHz
by experienced cardiac sonographers following standardized protocols29,30.
The echocardiographic evaluation included measurement of LVEF, left
ventricular end-diastolic diameter (LVEDD), right ventricular diameter
(RVD), and other echo parameters. TR degree was evaluated frommultiple
echocardiographic views, in accordance with the 2017 American Society of
Echocardiography recommendations for valvular regurgitation25. Quanti-
tative assessment using the vena contracta width was performed to assist in
grading TR severity, which was classified as none, mild, moderate, or severe
according to echocardiographic reports. We defined TR as positive for
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moderate or severe regurgitation. Negative TR was identified as no regur-
gitation, or mild regurgitation.

Clinical characteristics collection and definition
Demographics and clinical data, and relevantmedical historywere collected
for all patients from electronic medical record systems. All digital ECGs in
this study were acquired at 500Hz by GE-Marquette ECG machine
(Marquette, Milwaukee, Wisconsin) or Fukuda Denshi machine (Fukuda
Denshi Co., Ltd, Tokyo, Japan). The ECG characteristics and ECHO
measurements were reviewed by physicians from the ECG reports and
ECHO reports. The VHDs considered in this study included AS, AR, MS,
MR, and were identified as positive if moderate or severe was confirmed
according to ECHO reports. PH was defined as systolic pulmonary artery
pressure (sPAP) > 40mmHg on echocardiography, or mean pulmonary
artery pressure (mPAP)≥ 25mmHg in selected conditions where sPAP
estimation may be unreliable (e.g., congenital heart disease with shunts,
severe tricuspid regurgitation, right ventricular outflow obstruction, or
significant pulmonary valve stenosis)31–33. Furthermore, the definition of
aortic valve surgery in this study includes aortic valvuloplasty, aortic valve
replacement, transcatheter aortic valve implantation. Mitral valve surgery
includes mitral valvuloplasty, mitral valve replacement, or transcatheter
mitral valve repair.

Model development
We developed a Transformer-based deep learning model, SPEED-TR, to
enhance the detection of TR from standard 12-lead ECG signals. Themodel
was based onMasked Transformer for ECG Classification-Tiny (MTECG-
T) architecture34, which has demonstrated effectiveness in ECG inter-
pretation tasks. In this study, SPEED-TR was specifically adapted for TR
detection, incorporating an encoder with 12 Transformer blocks, a single
Transformer block decoder, and a binary linear classifier for TR detection.
The encoder-decoder structure follows the original MTECG-T framework,
allowing for effective feature extraction and sequence modeling. Themodel
processedECGsignals by splitting them into a sequence of non-overlapping
segments along the time dimension, preserving structural information
related to TR.

To enhance model performance, we adopted a two-stage training
process (Fig. 5): a self-supervised pre-training stage on the pre-training set
comprising 666,020 unlabeled ECGs, followed by a post-training stage
incorporating self-distillation using the training set with 372,476 ECGs
labeled for TR.

During pre-training,we employed the self-supervised learningmethod
of MTECG-T to reduce informational redundancy and enhance the
extraction of intrinsic ECGpatterns. Themodel is structured as an encoder-
decoder network, tasked with reconstructing the per-segment normal-
ization of 25% randomly masked ECG segments based on the remaining
75%, optimizedusingmean square error loss.All hyperparameter settings in
this phase follow the configuration established in MTECG-T. By utilizing
this self-supervised pre-training approach, the model was able to learn
intrinsic ECG representations without relying on diagnostic labels. This
approach aligns with well-established practices in computer vision and
natural language processing, where large-scale unlabeled data is used to
enhance performance on downstream tasks24,35. We observed that this pre-
training method led to significant improvements across all evaluation
metrics for TR detection (see Supplementary Table 1).

In post-training, we employed a self-distillation strategy to enhance
performance23. Self-distillation is a technique where the model improves by
learning from its own predictions, with a teacher-student setup using
identical architectures. Specifically, we converted the pre-trained encoder
into a TR detectionmodel by removing the decoder and appending a global
pooling layer followed by a binary linear classifier. Both the teacher and
student models were initialized with identical weights. The teacher model
was trained over 50 epochs using binary cross-entropy loss, with hyper-
parameters consistent with those established inMTECG-T. The checkpoint
with the highest AUPRC on validation set is retained as the final teacher
model. The student model was then trained over 50 epochs using a hybrid
loss function, consisting of a weighted combination of binary cross-entropy
(weight: 0.3) and Kullback-Leibler (KL) divergence between teacher and
student logits (weight: 0.7), with a temperature parameter set to 236. The
student model checkpoint achieving the highest validation AUPRC was
selected as the final SPEED-TR model. It is worth mentioning that there is
an overlap of ECG signals between the training sets of the pre-training and

Fig. 4 | Flowchart illustrating patient inclusion and dataset distribution. The
flowchart depicts data inclusion and exclusion criteria, as well as the division
methods for different datasets. A The flowchart for model development datasets,
including pre-training, training, validation, and hold-out testing sets. B The

flowchart for multi-center evaluation datasets, including FW, YF and SF testing sets,
these three datasets constitute the multi-center testing set. Dec., December; ECG,
electrocardiogram; ECHO echocardiography, FW Fuwai Hospital, Jan. January, SF
Shenzhen Fuwai Hospital, YF Yunnan Fuwai Hospital.
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post-training phases, which increases the overall training data size and
alignswith commonpractices in transfer learning24. The testing set is strictly
held out throughout all stages of the training process, ensuring no data
leakage between the training and evaluation phases.

Performance evaluation
Model performance was evaluated on the hold-out testing set, FW testing
set, YF testing set and SF testing set (Fig. 5). For comprehensive analysis, we
computed various metrics, including the area under the AUROC, AUPRC,
sensitivity, specificity, PPV, NPV, accuracy, and F1 score. 95% CI for these
metrics were provided using bootstrapping. Calibration curves and brier
scores were also presented for evaluating the calibration performance.
Besides, the effectiveness of various model components was evaluated, and
LR models were trained as 17 variables from baseline characteristics (LR
Model 1) or risk factors of TR according to previous literature includingMR
(moderate and above), reduced ejection fraction (LVEF < 50%), female,
elderly (≥60 years), atrial fibrillation or flutter (AF/AFL), and PH37 (LR

Model 2) for comparison with the SPEED-TR model. Delong’s test was
applied for statistical comparison of LRmodels and SPEED-TR. Besides, we
evaluated the ability ofmodel for gradingTRseverity (none,mild,moderate,
severe) basedon the trainedbinary classificationmodel for identifyingTR in
the overallmulti-center sets.We analyzed the distribution ofmodel-derived
prediction probabilities across different severity of TR by the boxplots and
scatterplots. The probability thresholds were determined via maximizing
the F1 scores of the validation set on different TR degree positive outcome
definition (none, mild, moderate, severe) and the grading accuracy was
evaluated in all four testing datasets.

Subgroup analyses and statistical analysis
In the overall multi-center sets, we assessed the performance of the SPEED-
TR model in patients with specific TR risk factors according to previous
literature, including MR, reduced ejection fraction (LVEF < 50%), female,
elderly (≥60 years), AF/AFL, and PH37. AF/AFL was confirmed by ECG
reports. Specifically, we computed the evaluation metrics on subsets with

Fig. 5 | Flowchart for model development and evaluation.Model development
comprised a pre-training stage on the pre-training set, followed by a post-training
stage using the training set. During pre-training, a self-supervised learning method
was employed to extract of intrinsic ECG patterns. The model adopted an encoder-
decoder network, tasked with reconstructing the masked ECG segments. In post-
training stage, a self-distillation strategy with a teacher-student setup using identical
architectures was applied to enhance model performance. Specifically, the pre-
trained encoder was transformed into a TR detection model, serving as the archi-
tecture for both the teacher and student models, with the pretrained weights pro-
viding initialization. After the self-distillation, the student model achieving the
highest validation AUPRC was selected as the final SPEED-TR model. Performance
evaluation was conducted on the hold-out testing set and FW testing set from Fuwai

Hospital, YF testing set from Yunnan Fuwai Hospital and SF testing set from
Shenzhen Fuwai Hospital. Comprehensive analysis results of SPEED-TR for TR
recognition were presented, including not only overall performance, but also
includes its capability in grading TR severity, along with subgroup analyses in
patients with different TR risk factors and other typical VHDs. AF, atrial fibrillation;
AFL, atrial flutter; AR, aortic regurgitation; AS aortic stenosis, AUPRC area under
the precision-recall curve, ECG electrocardiogram, ECHO echocardiography, FW
Fuwai Hospital, LVEF left ventricular ejection fraction, MR mitral valve regurgita-
tion, MS mitral valve stenosis, PH pulmonary hypertension, SF Shenzhen Fuwai
Hospital, SPEED-TR the self-distilled and pre-trained Transformer model for
detecting tricuspid regurgitation, TR tricuspid regurgitation, VHD valvular heart
diseases, YF Yunnan Fuwai Hospital.
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and without each TR risk factor, and further compared the performance
across patient groups characterized by differing numbers of these risk fac-
tors, for a comparative analysis of the model’s capacity to identify TR in
populations of varying complexity. Moreover, subgroup analysis was per-
formed in subsets of patients presentingwith other typical VHDs, including
AS,AR,MS,MR, aswell as the populationwith combination of two ormore
VHDs. Additional subgroup analysis to evaluate model performance in the
important ECG subtypes of RBBB and RAD was also conducted.

In descriptive analyses, continuous variables were reported as
mean ± standard deviation or median with interquartile range, depending
on data normality by two-sample t-test or Mann-Whitney U test. Catego-
rical variables were summarized as frequencies and percentages, and
compared using the Chi-squared test. Statistical analyses were conducted
using Python (version 3.8).

Data availability
The datasets generated and analyzed during the current study are not
publicly available due to patient privacy and ethical restrictions but are
available from the corresponding author on reasonable request.

Code availability
The final model architecture and the self-distillation code utilized in this
study are publicly available on GitHub at: https://github.com/fwaiaccount/
MTECG-SPEED-TR/.
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