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Abstract: Chronic kidney disease (CKD) affects nearly 850 million individuals globally; the
prevalence of undiagnosed CKD is 60%. Taking advantage of the relationship between
CKD and cardiovascular disease, we developed a deep learning (DL) model to detect
CKD from parasternal long-axis (PLAX) videos using 325,377 PLAX videos from
62,818 patients at Cedars-Sinai Medical Center (CSMC). We externally validated our
model in two independent cohorts of 2,224 patients at Stanford Healthcare (SHC) and
41,611 patients at Kaiser-Permanente Northern California (KPNC). In a held-out test
cohort at CSMC, our model detected any stage of CKD with an area under the curve
(AUC) of 0.756 [95% confidence interval 0.749 – 0.763], with consistently strong
performance in KPNC (AUC 0.718 [0.714 – 0.723]) and SHC (AUC 0.719 [0.704 –
0.735]). Our DL echo model detected CKD with robust performance at two external
clinical sites, offering an avenue for noninvasive screening and improved detection
rates.
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25 July 2026 

 

Dear Dr. Le,  

Thank you for your thoughtful review of our manuscript. We are pleased to submit a 

revised version of our manuscript entitled “Deep Learning-Enabled Screening of 

Chronic Kidney Disease from Echocardiography” for consideration for publication in 

Med as an Article. 

 

In this work, we developed a deep learning (DL) model that detects any stage of CKD from 

parasternal long axis (PLAX) echocardiography. Our model demonstrated strong 

performance across three geographically distinct clinical centers, with robust performance 

to patient demographics, co-morbidities, and disease severity at all three sites. We believe 

that our work can contribute to earlier detection of CKD by offering a rapid, noninvasive 

screening method. Identifying patients can in turn connect them to more timely therapies. 

Our model code and weights are publicly available to facilitate its use and support 

transparency and reproducibility in research.  

 

In this revision, we end our Discussion with a Limitations of Study section, including a 

statement on the need for testing further thresholds for sensitivity and specificity. 

Additionally, we added sections on Participant Information and Resource Availability as 

well as revised typographical errors in the Supplementary Materials. We have also 

reformatted our manuscript per Med guidelines; updated the Author Contributions; 

increased the brightness in Figure 1 per prior reviewer request; and provided a Graphical 

Abstract, Highlights, Context and Significance, and eTOC. Our manuscript word count has 

been updated to exclude the STAR Methods. Our running title is “Deep Learning Screens 

for CKD on Echocardiography.” 

 

We appreciate the thoughtful feedback reviewers and hope it is now acceptable for 

publication.  

 

 

 

 

Sincerely, 

 

 

 

 

David Ouyang, MD 



REPLY: Dear Editors, thank you for your thoughtful and detailed review of our manuscript. In 

this review, we respond to reviewer feedback in showing that:  

 

1. Our deep learning (DL) model learns CKD-specific signals and these signals persistent 

even when controlling for cardiometabolic confounders 

 

We have modified our Results: Model Performance to:   

 

We also tested our model in balanced subgroups based on diabetes, hypertension, 

dyslipidemia, CAD, age ≥ 65, and LVEF < 50% such that in each subgroup, cases and 

controls in had identical prevalences of the covariate. Our model was also tested in a 

subgroup balanced for diabetes, hypertension, and dyslipidemia with minimal decrease in 

model performance, suggesting the model detects CKD-specific imaging features rather 

than detecting cardiovascular correlates of CKD. AUC, sensitivity, and specificity for the 

subgroups were similar to overall model performance across all 3 clinical sites 

(Supplementary Table 4). 

These findings are contextualized in our Discussion: 

Consistent model performance when case and control groups had identical prevalences of 

covariates – in isolation and in combination – suggests that the model learned shared 

features across high-risk groups, rather than exploiting differences in comorbidities 

(Supplementary Table 4).  

We also improved the aesthetics of Figure 1 at the request of Reviewer 2:  

 



Reviewer #1: I appreciate the authors' efforts to address the concerns raised in the previous 

review. However, I still have several concerns. 

1.  The added "balanced subgroup" analyses balance only one covariate at a time, such as 

diabetes, hypertension, CAD, age ≥65 years, or LVEF <50%. This approach does not 

adequately control for the combined cardiometabolic phenotype that distinguishes CKD 

cases from controls. A stronger analysis would require multivariable adjustment, 

propensity-score matching/IPW, or comparison with a clinical baseline model including 

age, sex, diabetes, hypertension, CAD, LVEF, and structured echocardiographic variables. 

 

Reply: We thank the reviewer for this astute observation. In our empirical experience, AI 

using the echocardiography video itself outperforms structured echocardiographic 

variables as the video contains pixel-level data that non-imaging structured variables 

cannot capture.  

 

To better control for cardiometabolic phenotypes and augment our previous analysis, we 

created a multi-variate subgroup balanced for hypertension, dyslipidemia, and diabetes as 

well as age and sex, and show that AUC, sensitivity, and specificity are similar to overall 

model performance across the 3 sites. We have modified Supplementary Table 4 to 

include these findings:  

 

Site Comorbidity AUC Sensitivity Specificity 

CSMC 

Diabetes 
0.748 

(0.722, 0.773) 

76.2% 

(72.0%, 80.5%) 

58.2% 

(56.0%, 60.4%) 

Hypertension 
0.765 

(0.741, 0.790) 

77.0% 

(72.8%, 81.0%) 

61.6% 

(59.4%, 63.7%) 

Dyslipidemia 
0.745 

(0.719, 0.770) 

73.0% 

(68.7%, 77.3%) 

61.5% 

(59.3%, 63.6%) 

CAD 
0.726  

(0.698, 0.752) 

72.5% 

(68.0%, 76.9%) 

60.2% 

(58.0%, 62.3%) 

Age ≥ 65 
0.775 

(0.751, 0.799) 

77.5%  

(73.4%, 81.6%) 

63.0% 

(60.8%, 65.1%) 

LVEF < 50% 
0.731 

(0.705, 0.760) 

76.0% 

(71.7%, 80.1%) 

56.9% 

(54.7%, 59.0%) 

Diabetes, 

hypertension, 

dyslipidemia 

0.774 

(0.749, 0.797) 

79.7% 

(75.7%, 83.5%) 

59.3% 

(57.1%, 61.4%) 

KPNC 
Diabetes 

0.693 

(0.664, 0.720) 

73.8% 

(69.5%, 77.9%) 

50.2% 

(48.0%, 52.4%) 

Hypertension 0.651 60.8% 59.2% 



(0.620, 0.681) (56.0%, 65.5%) (57.1%, 61.4%) 

Dyslipidemia 
0.704 

(0.676, 0.732) 

73.% 

(69.2%, 77.7%) 

54.7% 

(52.6%, 57.0%) 

CAD 
0.703 

(0.674, 0.730) 

74.8% 

(70.5%, 78.9%) 

52.5% 

(50.3%, 54.7%) 

Age ≥ 65 
0.742 

(0.715, 0.768) 

79.0% 

(74.9%, 82.9%) 

54.9% 

(52.7%, 57.1%) 

LVEF < 50% 
0.723 

(0.693, 0.749) 

80.7% 

(76.8%, 84.6%) 

46.5% 

(44.3%, 48.7%) 

Diabetes, 

hypertension, 

dyslipidemia 

0.700 

(0.673, 0.727) 

70.8% 

(66.3%, 75.2%) 

56.5% 

(54.3%, 58.7%) 

SHC 

Diabetes 
0.705 

(0.666, 0.744) 

65.5% 

(58.8%, 72.0%) 

64.9% 

(61.9%, 67.9%) 

Hypertension 
0.703 

(0.664, 0.742) 

65.5% 

(58.9%, 72.0%) 

65.0% 

(62.0%, 67.9%) 

Dyslipidemia 
0.692 

(0.653, 0.729) 

66.0% 

(59.2%, 72.4%) 

64.2% 

(61.2%, 67.2%) 

CAD 
0.701 

(0.661, 0.739) 

69.5% 

(62.9%, 75.7%) 

59.9% 

(56.9%, 62.9%) 

Age ≥ 65 
0.723 

(0.685, 0.760) 

67.0% 

(60.3%, 73.5%) 

64.6% 

(61.7%, 67.5%) 

LVEF < 50% 
0.714 

(0.675, 0.752) 

67.5% 

(61.0%, 73.9%) 

62.5% 

(59.4%, 65.5%) 

Diabetes, 

hypertension, 

dyslipidemia 

0.737 

(0.684, 0.785) 

68.0% 

(58.7%, 77.1%) 

65.0% 

(60.8%, 69.1%) 

Supplementary Table 4. AUC, sensitivity, and specific of model performance with 95% 

confidence intervals in subgroups with equal prevalence of samples with and without the 

comorbidity of interest across all 3 clinical sites 

 

Our findings are described in Results: Model Performance: 

 

We also tested our model in balanced subgroups based on diabetes, hypertension, 

dyslipidemia, CAD, age ≥ 65, and LVEF < 50% such that in each subgroup, cases and 

controls in had identical prevalences of the covariate. Our model was also tested in a 

subgroup balanced for diabetes, hypertension, and dyslipidemia with minimal decrease in 



model performance, suggesting the model detects CKD-specific imaging features rather 

than detecting cardiovascular correlates of CKD. 

 

And contextualized in our Discussion: 

 

Consistent model performance when case and control groups had identical prevalences of 

covariates – in isolation and in combination – suggests that the model learned shared 

features across high-risk groups, rather than exploiting differences in comorbidities 

(Supplementary Table 4).  

 

Finaly, we have modified our STAR Methods: Statistical Analysis to describe the subgroup 

construction:  

For each covariate, balanced subgroups were defined as cases and controls with identical 

prevalences of each covariate; a prevalence of 50% was chosen to enrich the controls for 

each covariate. In the CSMC internal test cohort and KPNC external test cohort, 400 cases 

were randomly sampled such that for each covariate, 50% of cases were positive and 50% 

were negative; similarly, 2,000 controls were sampled such that for each covariate, 50% 

of controls were positive and 50% were negative. This process ensured that cases and 

controls had identical distributions of each covariate…AUC, sensitivity, and specificity 

with 95% confidence intervals were then calculated by bootstrapping as above. Using the 

methodology above, we also created a multivariate balanced subgroup using co-

morbidities of diabetes mellitus, hypertension, and dyslipidemia to capture metabolic 

syndrome. For a combined phenotype of diabetes mellitus, hypertension, and dyslipidemia, 

50% of cases were positive for all three co-morbidities and 50% were negative for all three. 

Given the smaller size of the SHC external test cohort and this multivariate criteria, 50 

cases and 250 controls were randomly sampled. 

 

2. In KPNC, specificity is low in several clinically important high-risk groups, including 

patients with diabetes, CAD, LVEF <50%, and age ≥65 years. These findings are directly 

aligned with the concern that the model may generate many false positives in 

cardiometabolically complex populations. Therefore, the authors' statement that 

performance is "similar" or "consistent" across subgroups seems overly optimistic. 

 

Reply: Thank you for this feedback. In these particular subgroups, with a decrease in specificity, 

there is an improvement in sensitivity with higher than average sensitivity in these subgroups. We 

also note that this was not apparent in the two other cohorts (CSMC nor SHC). In totality, we 

suspect this is due to random noise along / multiple hypothesis testing with many subgroups 



assessed as recommend by the reviewer. Given the relatively lower number of these patients, it is 

correct that we chose an overall cut-off threshold to determine sensitivity and specificity, and more 

work should be done to assess whether population specific cutoffs would be needed in running this 

model.  In this revision, we comment upon this in the Discussion:  

With sensitivities from 60% to 81% our model can be leveraged for initial screening of 

occult or early-stage CKD (Tables 3-5), however further work is needed to optimize the 

decision threshold and balance sensitivity and specificity. 

 

3. The stage-specific results show lower performance for mild and moderate CKD and better 

performance for severe CKD or ESRD. This pattern is more consistent with detection of 

advanced systemic disease burden than with reliable early CKD detection. 

 

Reply: We acknowledge the challenge of screening tools in that later stage disease have more 

severe phenotypes and thus more easily detected. That said, our analysis suggests that performance 

was not significantly different based on EGFR threshold (Table 2), which suggests the model 

would be helpful in both early as well as late CKD or ESRD. Optimal threshold for disease 

discrimination is important as there is a trade-off between sensitivity and specificity at various 

disease stages.  

 

Table 2. Model performance on patients with laboratory evidence of CKD  

eGFR threshold 

(mL/min/1.73 m2) 
Cases Controls AUC Sensitivity Specificity 

30 966 4,761 
0.741 

(0.740, 0.743) 

82.5% 

(82.3%, 82.7%) 

48.8% 

(48.8%, 48.8%) 

45 1,649 4,078 
0.726 

(0.725, 0.727) 

77.1% 

(76.9%, 77.2%) 

53.8% 

(53.7%, 53.9%) 

60 2,503 3,224 
0.733 

(0.732, 0.734) 

74.6% 

(74.5%, 74.7%) 

58.4% 

(58.3%, 58.5%) 

 

In this revision, we comment upon this in the Discussion:  

With sensitivities from 60% to 81% our model can be leveraged for initial screening of 

occult or early-stage CKD (Tables 3-5), however further work is needed to optimize the 

decision threshold and balance sensitivity and specificity. 

 

 



4. Several numerical and reporting inconsistencies remain. For example, the severe CKD 

AUC is reported as 0.733 with a 95% CI of 0.755-0.790, which is mathematically 

impossible. 

 

Reply: We thank the reviewer for noting this typographical error. While Supplementary 

Table 3 correctly lists the AUC as 0.773, we have revised our Results: Model 

Performance to:  

 

Performance was consistent across stages of CKD with an AUC of 0.694 [0.670 – 

0.718] in discriminating mild CKD, AUC 0.701 [0.689 – 0.712] for moderate CKD, 

AUC 0.773 [0.755 – 0.790] for severe CKD, and AUC 0.840 [0.829 – 0.850] for 

ESRD (Supplementary Table 3). 

 

 

  



Reviewer #2: After review, I have a few remaining minor suggestions： 

1. Results-Model Performance: "AUC 0.733 [0.755 - 0.790] for severe CKD" may contain a 

data error. Please check this value carefully. Additionally, please re-verify all data 

throughout the entire text, including both the main body and the figures, to ensure accuracy. 

 

Reply: We thank the reviewer for noting this typographical error, and we have re-verified 

all data throughout the text. While Supplementary Table 3 correctly lists the AUC as 0.773, 

our manuscript body contains a typo, and we have revised our Results: Model 

Performance as such:  

 

Performance was consistent across stages of CKD with an AUC of 0.694 [0.670 – 

0.718] in discriminating mild CKD, AUC 0.701 [0.689 – 0.712] for moderate CKD, 

AUC 0.773 [0.755 – 0.790] for severe CKD, and AUC 0.840 [0.829 – 0.850] for 

ESRD (Supplementary Table 3). 

We have also reviewed the manuscript completely to address other typographical errors 

in the Introduction:  

To this end, we present a deep learning model that detects CKD from parasternal 

long axis (PLAX) echocardiogram videos developed using data from 62,818 

patients at Cedars-Sinai Medical Center (CSMC) and externally validated it in a 

cohort of 2,762 patients at Stanford Healthcare (SHC) and 41,611 patients from 

Kaiser-Permanente Northern California (KPNC). 

In the Results: Study population:  

Our model was developed using data from 62,818 patients who received care at 

CSMC and had 146,631 echocardiography studies with 325,377 PLAX videos. 

In the STAR Methods: Model Development and Interpretability:  

We then trained our model on one NVIDIA RTX 3090 graphics processing unit 

 As well as Table 5:  

  Table 5. Performance of model in discriminating any stage of CKD by patient 

subgroup in the SHC external validation cohort with 95% confidence intervals in parentheses.  

Subgroup 
Number of 

patients 

CKD 

Prevalence 
AUC Sensitivity Specificity 

Diabetes mellitus 901 424 (47.1%) 0.704 68.9% 63.6% 



(0.669, 0.741) (64.1%, 73.8%) (59.2%, 67.9%) 

Hypertension 1,392 534 (38.4%) 
0.683 

(0.654, 0.712) 

64.8% 

(60.4%, 69.2%) 

61.1% 

(57.9%, 64.4%) 

Coronary artery 

disease 
810 403 (49.8%) 

0.638 

(0.595, 0.680) 

63.1% 

(57.5%, 68.8%) 

54.8% 

(49.6%, 69.8%) 

Dyslipidemia 1,484 593 (40.0%) 
0.695 

(0.667, 0.723) 

63.3% 

(59.0%, 67.6%) 

63.8% 

(60.7%, 66.9%) 

EF < 50% 1,047 419 (40.0%) 
0.683 

(0.646, 0.720) 

79.2% 

(75.0%, 83.3%) 

45.9% 

(41.0%, 50.8%) 

EF ≥ 50% 1,756 404 (23.0%) 
0.695 

(0.672, 0.718) 

60.8% 

(57.1%, 64.6%) 

67.6% 

(65.5%, 69.6%) 

Male  1,373 497 (36.2%) 
0.687 

(0.656, 0.717) 

60.1% 

(55.2%, 64.9%) 

66.2% 

(62.9%, 69.3%) 

Female 1,389 301 (21.7%) 
0.695 

(0.660, 0.730) 

61.9% 

(55.8, 67.8%) 

68.6% 

(66.0%, 71.2%) 

Age < 65 years  1,352 317 (23.4%) 
0.745 

(0.715, 0.776) 

62.4% 

(56.6%, 68.1%) 

74.3% 

(71.6%, 76.9%) 

Age ≥ 65 years 1,411 481 (34.1%) 
0.641 

(0.608, 0.673) 

59.6% 

(54.6%, 64.7%) 

60.6% 

(57.5%, 63.6%) 

 

2. When discussing performance across CKD stages, the terminology sometimes varies 

between "mild CKD, moderate CKD, severe CKD, and ESRD" and phrases like "stage 3a 

CKD or worse" or "eGFR < 30/45/60 mL/min/1.73 m2". While these are related, 

maintaining a consistent staging terminology (e.g., always referring to CKD stages 1-5, or 

eGFR categories G1-G5, with clear definitions where necessary) when discussing 

performance across the spectrum of disease would enhance clarity and readability. 

 

Reply: Thank you for this suggestion. Terminology has been standardized to “mild CKD, 

moderate CKD, severe CKD, and ESRD” as such:  

2,182 (85.9%) patients had had measured eGFR < 90 mL/min/1.73 m2  within 1 

week of echocardiography, reflecting evidence of at least mild renal damage but 

not necessarily CKD. 1,202 patients had longitudinal eGFR values, with 657 



(54.7%) patients having a history of at least two measured eGFR < 90 mL/min/1.73 

m2  at least 90 days apart, indicating possible mild CKD or worse; 276 (42.0%) 

patients had eGFR < 60 mL/min/1.73 m2, corresponding to mild-to-moderate CKD 

or worse… All 7,319 patients had signs of renal damage with eGFR < 90 

mL/min/1.73 m2, and eGFR < 60 mL/min/1.73 m2 was measured in 1,057 (14.4%) 

patients…113 (6.5%) patients had at least two measured eGFR < 90 mL/min/1.73 

m2 at least 90 days apart, suggesting they had at least mild CKD… 365 (47.2%) 

patients had eGFR < 90 mL/min/1.73 m2 within 1 week of echocardiography, and 

79 (10.2%) patients had eGFR < 60 mL/min/1.73 m2. Of the 773 false-positive 

patients, 365 patients had longitudinal creatinine values. 181 (49.6%) patients had 

possible mild CKD or worse with at least two measured eGFR values < 90 

mL/min/1.73 m2 at least 90 days apart, and 106 (29.0%) patients with at least mild-

to-moderate CKD given at least two measured eGFR < 60 mL/min/1.73 m2 at least 

90 days apart. 

 

3. Results: Model Performance: "The model generated predictions for 86 PLAX videos per 

second, demonstrating high efficiency." Since different videos may have varying frame 

rates and durations, the corresponding number of image frames also differs from one video 

to another. To avoid ambiguity arising from reporting performance as "the number of 

videos processed per second," please use a more objective metric—e.g., reporting the 

system's end-to-end throughput in frames per second (FPS), namely the number of image 

frames processed per second. 

Reply: Thank you for this advice. Our Results: Model Performance has been revised to 

report the number of frames processed per second:  

The model processed 4,015.8 frames per second, demonstrating high efficiency.  

 

4. Figure 1 needs further aesthetic improvement. Consider using light grey blocks or similar 

color partitioning to enhance its appearance. 

Reply: We thank the reviewer for this excellent suggestion. Figure 1 has been revised to:  

Figure 1. Schematic diagram of model development, model performance in the 

Cedars-Sinai internal test cohort, Kaiser-Permanente Northern California external 

validation cohort, and Stanford Healthcare external validation cohort and the 

potential utility of interpretable deep learning to screen for CKD  



 

 

 



49 Spadina Ave. Suite 200
Toronto ON M5V 2J1 Canada

www.biorender.com

Confirmation of Publication and Licensing Rights - Open 
Access

July 25th, 2026

Subscription Type:
Agreement number:
Publisher Name:

Institution - Academic
ZX2A02W21Q
Cell Med

Figure Title: Graphical Abstract

Citation to Use: Created in BioRender. Yuan, V. (2026) https://BioRender.com/9zlgg1x

To whom this may concern,

This document ("Confirmation") hereby confirms that Science Suite Inc. dba BioRender ("BioRender") has 
granted the following BioRender user: Victoria Yuan ("User") a BioRender Academic Publication License 
in accordance with BioRender's Terms of Service and Academic License Terms ("License Terms") to 
permit such User to do the following on the condition that all requirements in this Confirmation are met:

1) publish their Completed Graphics created in the BioRender Services containing both User Content 
and BioRender Content (as both are defined in the License Terms) in publications (journals, textbooks, 
websites, etc.); and

2) sublicense such Completed Graphics under "open access" publication sublicensing models such as 
CC-BY 4.0 and more restrictive models, so long as the conditions set forth herein are fully met.

Requirements of User: 

1) All Completed Graphics to be published in any publication (journals, textbooks, websites, etc.) must 
be accompanied by the following citation either as a caption, footnote or reference for each figure that 
includes a Completed Graphic: 
"Created in BioRender. Yuan, V. (2026) https://BioRender.com/9zlgg1x ".

2) All terms of the License Terms including all Prohibited Uses are fully complied with.  E.g. For 
Academic License Users, no commercial uses (beyond publication in journals, textbooks or websites) 
are permitted without obtaining or switching to a BioRender Industry Plan.

3) A Reader (defined below) may request that the User allow their figure to be a public template for 
Readers to view, copy, and modify the figure.  It is up to the User to determine what level of access to 
grant.

Open-Access Journal Readers:  

Open-Access journal readers ("Reader") who wish to view and/or re-use a particular Completed Graphic 
in an Open-Access journal subject to CC-BY sublicensing may do so by clicking on the URL link in the 
applicable citation for the subject Completed Graphic.

The re-use/modification options below are available after the Reader requests the User to adapt their 

Click here to access/download;Graphical Abstract;Graphical
Abstract Publication License Jul-25-2026.pdf

https://BioRender.com/9zlgg1x
https://www.biorender.com/terms-of-service
https://www.biorender.com/terms-of-service
https://biorender.com/academic-license
https://biorender.com/academic-license
https://biorender.com/academic-license
https://BioRender.com/9zlgg1x
https://BioRender.com/9zlgg1x
https://www2.cloud.editorialmanager.com/medjournal/download.aspx?id=1528755&guid=92f40192-5cea-4387-b43e-c5e65595575d&scheme=1
https://www2.cloud.editorialmanager.com/medjournal/download.aspx?id=1528755&guid=92f40192-5cea-4387-b43e-c5e65595575d&scheme=1


figure as a BioRender template and the User has granted such access.
1) View-Only/Free Plan Use: A Reader who wishes to only view the Completed Graphic may do so in the 

BioRender Services as either a BioRender Free Plan user or simply as a viewer. By becoming a 
BioRender Free Plan user, the Reader may view, modify and re-use the Completed Graphic as permitted 
under BioRender's Basic License Terms (e.g. personal use only, no publishing or commercial use 
permitted).

2) Re-Use/Publish with No Modifications: For any re-use and re-publication of a Completed Graphic with 
no modification(s) to the Completed Graphic made by the Reader, a Reader may do so by citing the 
original author using the citation noted above with the Completed Graphic.  The Reader must also 
comply with the underlying License Terms which apply to the Completed Graphic as noted above (e.g. 
no commercial use for Academic License).

3) Re-Use/Publish with Modifications: For any re-use and re-publication of a Completed Graphic with a 
modification(s) made by the Reader, the Reader may do so by becoming a BioRender user themselves 
under either an Academic or Industry Plan, citing the original author using the citation noted above with 
the Completed Graphic and complying with the applicable License Terms.

For any questions regarding this document, or other questions about publishing with BioRender, please 
refer to our BioRender Publication Guide, or contact BioRender Support at support@biorender.com.

https://www.biorender.com/basic-license
https://www.biorender.com/basic-license
https://www.biorender.com/basic-license
https://help.biorender.com/hc/en-gb/categories/18150370413853-Publishing-citing-and-permissions
https://help.biorender.com/hc/en-gb/categories/18150370413853-Publishing-citing-and-permissions
mailto:support@biorender.com
mailto:support@biorender.com


Deep learning with echocardiography shows promise for 
earlier detection of CKD with robust performance at 3 centers. 

CKD is highly prevalent yet underdiagnosed.
CKD & cardiovascular disease share multiple risk factors

AUC = 0.756AUC = 0.719 AUC = 0.718

CSMCSHC KPNC

Click here to access/download;Graphical Abstract;graphical abstract.pdf

https://www2.cloud.editorialmanager.com/medjournal/download.aspx?id=1528760&guid=28455ecf-3237-41a9-b9a5-9ab69262bcae&scheme=1
https://www2.cloud.editorialmanager.com/medjournal/download.aspx?id=1528760&guid=28455ecf-3237-41a9-b9a5-9ab69262bcae&scheme=1


Deep Learning-Enabled Screening of Chronic Kidney Disease from Echocardiography  

Victoria Yuan1,2, Hirotaka Ieki3, Alexander Sandhu MD2,3, Long H. Nguyen4, Paul P. Cheng3, 

Stephanie T. Chang3, Andrew P. Ambrosy5, Alan C. Kwan1, Alan S. Go MD5, Susan Cheng MD1, 

David Ouyang1,5 

1. Department of Cardiology, Smidt Heart Institute, Cedars-Sinai Medical Center, Los 

Angeles, CA, United States 

2. David Geffen School of Medicine, University of California, Los Angeles, CA, United 

States 

3. Division of Cardiology, Department of Medicine, Stanford University, Palo Alto, CA, 

United States 

4. Division of Gastroenterology, Massachusetts General Hospital, Boston, MA, United States 

5. Division of Research, Kaiser Permanente Northern California, Pleasanton, CA, United 

States 

 

 

 

 

 

 

Lead Contact and Corresponding Author: 

Dr. David Ouyang  

David.ouyang@kp.org 

4480 Hacienda Drive 

Pleasanton, CA 94588  

 

Total word count: 3,197 

  

Click here to view linked References

mailto:David.ouyang@kp.org
https://www2.cloud.editorialmanager.com/medjournal/viewRCResults.aspx?pdf=1&docID=39832&rev=5&fileID=1528759&msid=a0aaced8-6c4d-4a4f-946c-6b1153ade6e0
https://www2.cloud.editorialmanager.com/medjournal/viewRCResults.aspx?pdf=1&docID=39832&rev=5&fileID=1528759&msid=a0aaced8-6c4d-4a4f-946c-6b1153ade6e0


Abstract  

Background: Chronic kidney disease (CKD) affects nearly 850 million individuals globally. The 

prevalence of undiagnosed CKD is over 60%.  

Methods: Taking advantage of the relationship between CKD and cardiovascular disease, we 

developed a deep learning (DL) model to detect CKD from parasternal long-axis (PLAX) videos 

using 325,377 PLAX videos from 62,818 patients at Cedars-Sinai Medical Center (CSMC).  We 

externally validated our model in two independent cohorts of 2,762 patients at Stanford Healthcare 

(SHC) and 41,611 patients at Kaiser-Permanente Northern California (KPNC).  

Findings: In a held-out test cohort at CSMC, our model detected any stage of CKD with an area 

under the curve (AUC) of 0.756 [95% confidence interval 0.749 – 0.763], with consistently strong 

performance in KPNC (AUC 0.718 [0.714 – 0.723]) and SHC (AUC 0.719 [0.704 – 0.735]). Our 

model performed well across subgroups with and without metabolic co-morbidities, suggesting 

that it learned imaging features specific to CKD. 

Conclusions: Our DL echo model detected CKD with robust performance at two external clinical 

sites, offering an avenue for noninvasive screening and improved detection rates. 

Funding: This work was supported by the Sarnoff Cardiovascular Research Foundation, the 

American Heart Association (25POST1357984, 25AHAI1487693), and the National Institutes of 

Health (R00HL157421, R01HL173487, R01HL173526) 
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Introduction  

 Nearly 850 million individuals worldwide are estimated to have chronic kidney disease 

(CKD)1. Because the early stages of CKD may be asymptomatic, the prevalence of undiagnosed 

CKD ranges from 61.6% to 95.5%2,3. Low rates of detection contribute significantly to the growing 

burden of CKD1,3–7. Current screening guidelines require both serum and urine laboratory testing8. 

Although annual testing with urine albumin-to-creatinine ratio (UACR) is standard of care in 

patients with diabetes mellitus, screening with UACR has rates as low as 20%9. Additionally, such 

screening is rarely performed in patients with other CKD risk factors, such as hypertension or 

dyslipidemia6,10. Suboptimal detection prevents timely management and places patients at risk of 

disease progression and complications11. 

CKD and cardiovascular disease (CVD) have a bidirectional relationship and frequently 

co-occur7,12–15,16,17.  Patients with CKD face a higher risk of cardiac abnormalities, such as 

coronary artery disease, left ventricular hypertrophy, and myocardial fibrosis7,18. Similarly, heart 

disease is a risk factor for the development of CKD and contributes to its rising incidence1,19. 

Cardiovascular-kidney-metabolic (CKM) syndrome captures the interactions between CKD, CVD, 

and their metabolic risk factors, which can lead to excess morbidity15. The relationship between 

CKD and CVD suggests that cardiac imaging may be leveraged to detect renal dysfunction. Early 

detection of CKD is imperative to connect patients to cardioprotective and renoprotective therapies. 

Echocardiography is a widely used, noninvasive imaging modality that is frequently 

performed to evaluate cardiac pathologies. Given the co-occurrence of CVD and CKD, 

echocardiography offers an avenue for opportunistic screening of CKD. Deep learning (DL) 

applied to echocardiography has demonstrated great promise to enhance image evaluation and 

diagnostics. Current efforts have diagnosed cardiac diseases such as valvular pathologies20–23, 

amyloidosis24,25, and cardiomyopathy26–28, in addition to extra-cardiac pathologies such as liver 

disease29 and elevated blood urea nitrogen30. Given its success in detecting a wide range of 

pathologies, DL can facilitate identification of CKD from cardiac imaging and address the need 

for improved detection. 

To this end, we present a deep learning model that detects CKD from parasternal long axis 

(PLAX) echocardiogram videos developed using data from 62,818 patients at Cedars-Sinai 

Medical Center (CSMC) and externally validated it in a cohort of 2,762 patients at Stanford 

Healthcare (SHC) and 41,611 patients from Kaiser-Permanente Northern California (KPNC). The 



PLAX view is commonly obtained and easily accessible in the point-of-care setting, making it an 

optimal view for opportunistic screening of CKD. With consistently strong performance in 

multiple cohorts, our model can improve CKD screening through opportunistic screening of high-

risk patients and promote the use of deep learning to bridge diagnostic gaps.  

 

 Results  

Study population  

 Our model was developed using data from 62,818 patients who received care at CSMC and 

had 146,631 echocardiography studies with 325,377 PLAX videos. The case cohort consisted of 

10,472 patients with 24,084 studies and 51,483 PLAX videos who had an ICD-10 code for any 

stage of CKD and echocardiogram within 1 month of diagnosis. The control cohort included 

52,346 patients who had never been diagnosed with an ICD-10 code for CKD and who had 122,547 

echocardiography studies with 273,894 PLAX videos. Demographic and clinical information of 

the case and control cohorts are presented in Table 1, and in the training, validation, and test sets 

in Supplementary Table 2. The case cohort had higher prevalence of hypertension and diabetes 

mellitus, which are both known risk factors for CKD. LVEF, LV systolic and diastolic volumes, 

rate of CAD, and rate of dyslipidemia were similar between case and control cohorts. After 

splitting the cohort on the patient-level into train, validation, and test sets in an 8:1:1 ratio, the 

internal test set consisted of 6,282 patients with 14,584 studies and 32,483 PLAX videos.  

 The external validation cohort at Kaiser-Permanente had 41,611 patients with 46,970 

echocardiography studies and 66,249 PLAX videos. Within this cohort, 10,254 patients with 

11,671 echocardiography studies and 16,600 PLAX videos who had been diagnosed with any stage 

of CKD. 31,357 patients had never received an ICD-10 code for CKD; there were 35,299 studies 

with 49,649 PLAX videos across these patients. In comparison to the case cohort at CSMC, the 

case cohort at KPNC had higher rates of diabetes mellitus, hypertension, dyslipidemia, and CAD. 

The external validation cohort at SHC consisted for 798 case patients with 916 studies and 1,426 

PLAX videos and 1, 964 control patients with 2,207 studies and 3,070 PLAX videos. Urine 

albumin values were not available for the SHC cohort, so UACR was not calculated. Case patients 

at SHC had a higher mean eGFR, lower rate of hypertension, and higher rates of diabetes mellitus, 

dyslipidemia, and CAD. Demographics were similar at all three sites. 

 



Model Performance  

 Our deep learning model identified any stage of CKD with strong performance in  the 

CSMC, KPNC, and SHC cohorts. In the CSMC internal test cohort, our algorithm detected CKD 

with an AUC of 0.756 [0.749 – 0.763], sensitivity of 75.6% [74.0% - 76.4%], and specificity of 

61.3% [61.3% – 62.4%] (Figure 1). The model processed 4,015.8 frames per second, 

demonstrating high efficiency. Our model demonstrated a calibration slope of 1.15, calibration 

intercept of -0.02, and Brier score loss of 0.11 (Supplementary Figure 1). The model was overall 

well-calibrated with slight overestimation. The model distinguished CKD with strong performance 

across the spectrum of disease severity. Performance was consistent across stages of CKD with an 

AUC of 0.694 [0.670 – 0.718] in discriminating mild CKD, AUC 0.701 [0.689 – 0.712] for 

moderate CKD, AUC 0.773 [0.755 – 0.790] for severe CKD, and AUC 0.840 [0.829 – 0.850] for 

ESRD (Supplementary Table 3). When defining CKD as a persistent reduction in eGFR, the model 

detected patients with CKD and eGFR below 30 mL/min/1.73 m2 with an AUC of 0.741, patients 

with eGFR below 45 mL/min/1.73 m2 with an AUC of 0.726, and patients with eGFR < 60 

mL/min/1.73 m2 with an AUC of 0.733 (Table 2). 

Model performance was also compared against a clinical CKD risk calculator 

recommended by the Center for Disease Control and Prevention to detect both any stage of CKD 

and to detect moderate CKD or greater (Supplementary Figure 2)31. Utilizing age, sex, and 7 

comorbidities, the clinical risk calculator detected any stage of CKD in the CSMC cohort with an 

AUC of 0.64 with sensitivity 87.6% and specificity 28.3%. To detect moderate CKD or greater, 

the risk calculator had AUC 0.62, sensitivity 85.7%, and specificity 28.3%. In comparison, DL 

detected moderate CKD or higher with AUC 0.77, sensitivity 76.4%, and specificity 61.9%. 

 We then tested model performance in subgroups of patients with diabetes mellitus, 

hypertension, and hyperlipidemia, as these cohorts are considered higher risk for CKD but are not 

routinely screened. Our model demonstrated robust performance across subgroups with AUCs of 

0.728 [0.716 – 0.739] in patients with diabetes; 0.752 [0.743 – 0.759] in patients with hypertension; 

0.756 [0.745 – 0.767] in patients with CAD; and 0.752 [0.742 – 0.761] in patients with 

dyslipidemia (Table 3, Supplementary Figure 3). Model performance was robust to LVEF (AUC 

0.700 [0.685 – 0.715] in patients with LVEF < 50%  versus AUC 0.770 [0.762 – 0.779] in patients 

with LVEF ≥ 50%); sex (AUC 0.762 [0.750 – 0.775] in female patients versus AUC 0.752 [0.743, 



0.760] in male patients); and age (AUC 0.820 [0.810 – 0.830] in patients under 65 years old versus 

AUC 0.708 [0.700, 0.717] in patients equal to or greater than 65 years old).  

 During external validation, our model detected any stage of CKD in the KPNC cohort with 

AUC of 0.718 [0.714 – 0.723], sensitivity 77.2% [76.6% – 77.8%], and specificity 52.5% [52.1% 

– 52.9%] and in the SHC cohort with AUC of 0.719 [0.704 – 0.735], sensitivity 67.1% [64.7% – 

69.6%], and specificity 65.1% [63.4% – 66.8%]. Performance in detecting mild, moderate, severe, 

and end-stage CKD in the KPNC external validation cohort had AUCs ranging from 0.678 to 0.838 

and sensitivity from 62.4% to 88.1% (Supplementary Table 3). Model performance in the KPNC 

and SHC cohorts was higher in subgroups with younger age < 65 (Tables 4 and 5). In the KPNC 

cohort, AUCs were consistent in subgroups by hypertension, CAD, and dyslipidemia and in the 

SHC cohort, by diabetes, hypertension, and dyslipidemia. Subgroups of patients with LVEF < 50%, 

age ≥ 65, and CAD had decreased performance at both SHC and KPNC. Performance also dropped 

in KPNC patients with diabetes (Tables 4 and 5).  We also tested our model in balanced subgroups 

based on diabetes, hypertension, dyslipidemia, CAD, age ≥ 65, and LVEF < 50% such that in each 

subgroup, cases and controls in had identical prevalences of the covariate. Our model was also 

tested in a subgroup balanced for diabetes, hypertension, and dyslipidemia with minimal decrease 

in model performance, suggesting the model detects CKD-specific imaging features rather than 

detecting cardiovascular correlates of CKD. AUC, sensitivity, and specificity for the subgroups 

were similar to overall model performance across all 3 clinical sites (Supplementary Table 4).  

Finally, to demonstrate the clinical utility of our model, we assessed its performance in 

detecting moderate to severe CKD and excluded ESRD. DL detection showed consistent 

performance across all 3 clinical centers with sensitivities from 70.3% – 73.8% and specificities 

from 52.5% – 65.1% (Supplementary Table 5). 

 

Error Mode Analysis 

We analyzed patients whom the AI model identified patients as having CKD, but who did 

not have a corresponding ICD-10 code. In the CSMC internal test cohort, 2,778 (44.2%) of patients 

were identified as having CKD based on their PLAX video without a clinical diagnosis. Of these 

patients, 2,541 patients had eGFR measured within 1 week of echocardiography, and 2,182 (85.9%) 

patients had had measured eGFR < 90 mL/min/1.73 m2  within 1 week of echocardiography, 

reflecting evidence of at least mild renal damage but not necessarily CKD. 1,202 patients had 



longitudinal eGFR values, with 657 (54.7%) patients having a history of at least two measured 

eGFR < 90 mL/min/1.73 m2  at least 90 days apart, indicating possible mild CKD or worse; 276 

(42.0%) patients had eGFR < 60 mL/min/1.73 m2, corresponding to mild-to-moderate CKD or 

worse. Using their eGFR and UACR measurements, we found that 111 (4.0%) patients had 

KDIGO risk scores corresponding with moderately to very high increased risk.  

Similarly, in the KPNC external validation cohort, 16,019 (38.5%) patients were identified 

by the model as having CKD but did not have a clinical diagnosis. 7,319 (45.7%) patients had 

eGFR measured within 1 week of their study. All 7,319 patients had signs of renal damage with 

eGFR < 90 mL/min/1.73 m2, and eGFR < 60 mL/min/1.73 m2 was measured in 1,057 (14.4%) 

patients. 1,737 patients had longitudinal creatinine values measured, with 113 (6.5%) patients had 

at least two measured eGFR < 90 mL/min/1.73 m2 at least 90 days apart, suggesting they had at 

least mild CKD. Additionally, 426 (2.7%) patients had albuminuria with UACR ≥ 30 within one 

month of their PLAX video. KDIGO risk scores could be calculated for 557 (3.5%) patients, with 

251 (45.1%) patients having moderate to very high risk KDIGO scores. In the SHC cohort, 773 

patients were identified by the model as having CKD although they did not have a clinical 

diagnosis. 365 (47.2%) patients had eGFR < 90 mL/min/1.73 m2 within 1 week of 

echocardiography, and 79 (10.2%) patients had eGFR < 60 mL/min/1.73 m2. Of the 773 false-

positive patients, 365 patients had longitudinal creatinine values. 181 (49.6%) patients had possible 

mild CKD or worse with at least two measured eGFR values < 90 mL/min/1.73 m2 at least 90 days 

apart, and 106 (29.0%) patients with at least mild-to-moderate CKD given at least two measured 

eGFR < 60 mL/min/1.73 m2 at least 90 days apart. UACR values were not available for patients 

at SHC, and KDIGO risk scores were not calculated. 

We then identified patients whom the AI model identified as not having CKD, but who did 

have a corresponding ICD-10 code. In the CSMC internal test cohort, 488 (7.8%) patients with 

964 PLAX videos had a clinical diagnosis of CKD but were not detected by the model. Of these 

videos, 515 (53.4%) were associated with a diagnosis of moderate CKD while 115 (11.9%) videos 

were associated with mild CKD, 149 (15.5%) with severe CKD, and 185 (19.2%) with ESRD. 

Similarly, in the Stanford external test cohort, 289 (10.5%) patients with 778 PLAX videos in the 

case cohort did not have a model prediction of CKD. 390 (50.1%) PLAX videos were from patients 

with a diagnosis of moderate CKD, and 274 (35.2%) videos from those with mild CKD. In the 

KPNC cohort, 2,939 (7.1%) patients with 3,796 videos did not have CKD by DL, despite having 



a clinical diagnosis. Of these 2,939 patients, 2,570 (87.4%) patients with 3,293 were staged. 2,464 

(74.8%) videos classified as false negative predictions were associated with moderate CKD, while 

295 (9.0%) videos were associated with mild CKD, 258 (7.8%) with severe CKD, and 276 (8.4%) 

with ESRD.  

 

Model Interpretability 

 To support explainability for clinical use, we generated GradCAM heatmaps of significant 

pixels for CKD detection. GradCAM highlighted the mitral valve and left atrium as important 

features for AI model decision-making (Figure 2). These results are consistent with existing 

literature highlighting excess prevalence of mitral valve dysfunction that occurs in the early stages 

of CKD, with patients with CKD having higher rates of mitral regurgitation and undergoing mitral 

valve calcification 10-20 years earlier than those without CKD32–34.  

 

Discussion  

In this work, we developed a deep learning model to detect chronic kidney disease (CKD) 

from parasternal long axis (PLAX) echocardiogram videos. Our model demonstrated strong 

performance to identify any stage of CKD across diverse patient subgroups. We validated our 

model in two geographically distinct centers, emphasizing its ability to generalize across different 

patient populations and clinical protocols.  Moreover, our model detected patients with CKD when 

labelled by laboratory criteria instead of ICD-10 codes, suggesting that it is robust to label shift 

and label noise. With an overall sensitivity of 76%, our study offers an innovative avenue to 

opportunistically screen for CKD in patients undergoing echocardiography. Improved detection 

can connect patients to treatment earlier in their disease course and decrease the growing burden 

of CKD.  

CKD affects 850 million individuals globally and is projected to be the 5th leading cause 

of lost years of life by 20401. The rising prevalence of CKD reflects a rise in its metabolic risk 

factors of hypertension, diabetes, and obesity1,15. These factors also increase risk of CVD, with 

renal dysfunction contributing additive risk7,14,15. This interplay between metabolic, renal, and 

cardiovascular disease is captured by cardiovascular-kidney-metabolic (CKM) syndrome, which 

in turn increases morbidity and premature mortality. Early recognition of CKD and CKM can 

connect patients to appropriate management and slow disease progression. Our analysis of 



CSMC’s historical echocardiography cohort revealed that 57.3% of patients did not have sufficient 

eGFR measurements to diagnose CKD. Yet many of these patients are at higher risk of CKD due 

to cardiovascular disease. There is a critical need to improve identification of CKD syndrome. 

However, current methods to detect CKD have low screening rates.  

Existing DL studies predict risk of CKD using demographic, clinical, and laboratory 

values35–39. While these models show promise for detection, they require serum values or physical 

exam findings. When compared to a recommended clinical risk calculator, DL-based detection can 

improve specificity and detect earlier stages of CKD. Other models predict progression to ESRD 

in patients with established CKD, rather than detecting new-onset CKD38,39. Holmstrom, et al. 

utilized 12-lead electrocardiograms to detect CKD within a 1-year window40. Identifying CKD 

within a narrower window can improve disease detection and facilitate timely treatment to prevent 

CKD progression.  

Our model offers a noninvasive, rapid avenue to detect CKD from PLAX videos with high 

fidelity. Performance was consistent in high-risk patients with hypertension and dyslipidemia 

across all three sites (Tables 3-5) and in patients with diabetes at two sites (Tables 3-5). Consistent 

model performance when case and control groups had identical prevalences of covariates – in 

isolation and in combination – suggests that the model learned shared features across high-risk 

groups, rather than exploiting differences in comorbidities (Supplementary Table 4). Deep learning 

detection also demonstrated stronger performance in patients under 65, suggesting that it can serve 

as a screening tool for younger patients who face higher mortality from CKD41. Because our DL-

based screening analyzes echocardiography, it may be potentially easier to use in a clinical setting, 

whereas the necessary variables for other calculators may not always be obtained from health 

records. Moreover, our work detects any stage of CKD to facilitate earlier detection, which can 

complement existing studies that focus on progression to ERSD38,39,42.With sensitivities from 60% 

to 81% our model can be leveraged for initial screening of occult or early-stage CKD (Tables 3-

5); however further work is needed to optimize the decision threshold and balance sensitivity and 

specificity. Combined with clinical histories, our DL algorithm may address diagnostic gaps for 

high-risk patients, for whom screening is not regularly performed6,9. Our model also identified 

patients without a clinical diagnosis of CKD, but based on their eGFR, UACR, and KDIGO risk 

score, may have subclinical or early-stage CKD and may benefit from intervention. With the 

American Heart Association’s recent recommendations to screen for and stage CKM syndrome, 



we envision that our deep learning model can be integrated into clinical workflows for 

simultaneous evaluation of cardiac and renal function15. Early identification of CKD can enable 

earlier intervention, improve patient awareness, and slow disease progression.  

Explainability analysis with GradCAM highlights that our algorithm focused on the mitral 

valve and left atrium, two structures whose dysfunction may be early manifestations of CKD-

induced cardiac disease34,43. Our model identified imaging biomarkers that can be investigated 

further as part of the pathophysiology of CKD34,43. 

Future work involves validation of our model at additional sites and with different 

ultrasound vendors, as well as integration of our model into clinical workflows to characterize its 

clinical utility.  Future work also includes development of a multiclassification model with a 

balanced training cohort. With the advent of multi-view echocardiography models, future 

directions also include developing a model that integrates multiple views to detect CKD and 

comparing its performance to a single-view model. Future research directions also include 

predicting CKD progression using PLAX videos, which can improve risk stratification. Given the 

need for CKD screening in high-risk patient populations, we anticipate that DL-based detection 

can increase detection rates, facilitate early intervention for patients, and help decrease the global 

disease burden of CKD. 

In conclusion, we developed and externally validated a deep learning model to detect CKD 

from PLAX echocardiography videos. Our algorithm can detect any stage of CKD, including early 

stages that may go undiagnosed, suggesting deep learning screening for CKD from 

echocardiography can help bolster low detection rates and promote more timely management for 

physicians.    

Limitations of Study  

Limitations of the study include its retrospective analysis of data from tertiary academic 

centers, which may introduce bias in patient selection. Additionally, labels for CKD were extracted 

using ICD-10 codes, which is intended for clinical billing and may be imprecise. The study cohort 

had a decreased prevalence of mild and moderate CKD, which may introduce biases in disease 

recognition. While the model had a modest false negative rate of 7.1-10.5%, a higher proportion 

of videos were associated with diagnoses of moderate CKD. While KDIGO risk assessments could 

be calculated for the CSMC and KPNC cohorts, data on UACR was not available in the SHC 

cohort, which may limit the conclusions from this analysis.  
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Figure 1. Schematic diagram of model development, model performance in the Cedars-Sinai 

internal test cohort, Kaiser-Permanente Northern California external validation cohort, and 

Stanford Healthcare external validation cohort and the potential utility of interpretable deep 

learning to screen for CKD. Created in BioRender, https://BioRender.com/m6w0sz2 

 

Figure 2. Grad-CAM44 activation was primarily at the mitral valve in PLAX videos   
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Table 1. Demographics and co-morbidities of the internal development cohort at Cedars-Sinai 

Medical Center (CSMC), the external validation cohort at Kaiser-Permanente Northern California 

(KPNC), and the external validation cohort at Stanford Healthcare (SHC) 

 
CSMC 

Controls 

(n=52,346) 

CSMC 

Cases 

(n=10,472) 

KPNC 

Controls 

(n=31,357) 

KPNC 

Cases 

(n=10,254) 

SHC 

Controls 

(n=1,964) 

SHC Cases 

(n=798) 

Age 67.7  15.6 66.5  15.2 69.2  12.9 73.1  13.1 61.0  17.4 66.3  14.9 

Sex       

     Male 33,645 

(64.3%) 

6,731 

(64.3%) 

15,763 

(50.3%) 

5,621 

(54.8%) 
876 (44.6%) 497 (62.3%) 

     Female 18,701 

(35.7%) 

3,741 

(35.7%) 

15,572 

(49.7%) 

4,631 

(45.2%) 
1088 (55.4%) 301(37.7%) 

Race and Ethnicity       

     American Indian 

or Alaska Native 
106 (0.2%) 28 (0.3%) 154 (0.5%) 62 (0.6%) 7 (0.4%) 2 (0.3%) 

     Asian 
3,594 (7.0%) 895 (8.6%) 

4,695 

(15.0%) 

1,805 

(17.6%) 
384 (19.6%) 119 (14.9%) 

     Black or African 

American 

6,072 

(11.8%) 

2,238 

(21.4%) 
2,191 (7.0%) 

1,504 

(14.7%) 
103 (5.2%) 54 (6.8%) 

     Native 

Hawaiian/Pacific 

Islander 

142 (0.3%) 46 (0.4%) 219 (0.7%) 167 (1.6%) 32 (1.6%) 23 (2.9%) 

     Hispanic 5,738 

(11.2%) 

1,715 

(16.4%) 
2,923 (9.3%) 

1,154 

(11.3%) 
198 (10.1%) 111 (13.9%) 

     Non-Hispanic 44,390 

(86.3%) 

8,652 

(82.6%) 

28,434 

(90.7%) 

9,100 

(88.7%) 

1,635 

(83.2%) 
672 (84.2%) 

     White 36,612 

(71.1%) 

6,484 

(61.9%) 

17,152 

(54.7%) 

5,454 

(53.2%) 

1,021 

(52.0%) 
437 (54.8%) 

     Other 3,702 (7.2%) 664 (6.3%) 185 (0.5%) 37 (0.3%) 309 (15.7%) 143 (17.9%) 

     Unknown 2,118 (4.0%) 98 (0.9%) 191 (0.6%) 14 (0.1%) 108 (5.5%) 20 (2.5%) 



Left ventricular 

ejection fraction % 

52.8%  

17.4% 

56.9%  

14.9% 

57.9%  

10.2% 

53.5%  

13.4% 

57.9%  

11.0% 

51.0%  

15.4% 

Left ventricular 

end-diastolic 

volume index 

(mL/m2) 

46.6  25.8 51.9  27.8 49.7  17.1 55.7  23.8 45.8  18.1 55.7  30.4 

Left ventricular 

end-systolic 

volume index 

(mL/m2) 

21.5  17.4 25.9  19.7 21.7  12.7 27.7  20.2 20.3  14.1 30.3  27.5 

Estimated 

glomerular 

filtration rate 

(eGFR, 

mL/min/1.73m2) 

74.02  26.6 33.3  22.5 58.5  5.7 38.1  18.2 89.4  21.0 57.1  28.5 

Urine albumin-to-

creatinine ratio 

(uACR) 

154.3  

492.2 

379.3  

737.1 
46.0  86.4 

129.2  

131.7 
N/A N/A 

Coronary artery 

disease 

12,317 

(23.5%) 

4,013 

(38.3%) 

13,497 

(43.0%) 

6,902 

(67.3%) 
407 (20.7%) 403 (50.5%) 

Hypertension 22,572 

(43.1%) 

8,334 

(79.6%) 

23,436 

(74.7%) 

10,009 

(97.6%) 
858 (43.7%) 534 (66.9%) 

Diabetes mellitus 9,058 

(17.3%) 

5,089 

(48.6%) 

9,579 

(30.5%) 

7,092 

(69.1%) 
477 (24.3%) 424 (53.1%) 

Dyslipidemia 16,739 

(32.0%) 

5,171 

(49.4%) 

20,857 

(66.5%) 

9,021 

(88.0%) 
891 (45.4%) 593 (74.3%) 



Table 2. Model performance on patients with laboratory evidence of CKD  

eGFR threshold 

(mL/min/1.73 m2) 
Cases Controls AUC Sensitivity Specificity 

30 966 4,761 
0.741 

(0.740, 0.743) 

82.5% 

(82.3%, 82.7%) 

48.8% 

(48.8%, 48.8%) 

45 1,649 4,078 
0.726 

(0.725, 0.727) 

77.1% 

(76.9%, 77.2%) 

53.8% 

(53.7%, 53.9%) 

60 2,503 3,224 
0.733 

(0.732, 0.734) 

74.6% 

(74.5%, 74.7%) 

58.4% 

(58.3%, 58.5%) 

  



Table 3. Performance of model in discriminating any stage of CKD by patient subgroup in the 

CSMC internal test cohort with 95% confidence intervals in parentheses.  

Subgroup 
Number of 

patients 

CKD 

Prevalence 
AUC Sensitivity Specificity 

Diabetes mellitus 1,438 508 (35.3%) 
0.728 

(0.716, 0.739) 

77.4%  

(76.2%, 79.3%) 

52.8% 

(50.8%, 53.4%) 

Hypertension 3,086 835 (27.1%) 
0.752  

(0.743, 0.759) 

75.0% 

(74.2%, 76.8%) 

60.9% 

(59.4%, 61.1%) 

Coronary artery 

disease 
1,639 395 (24.1%) 

0.756  

(0.745, 0.767) 

76.2%  

(74.9%, 78.4%) 

59.8% 

(58.1%, 60.2%) 

Dyslipidemia 2,195 500 (22.8%) 
0.752  

(0.742, 0.761) 

72.8% 

(71.7%, 75.0%) 

63.1% 

(61.7%, 63.5%) 

EF < 50% 1,278 444 (34.7%) 
0.700 

(0.685, 0.715) 

79.9% 

(77.9%, 81.9%) 

45.6% 

(44.2%, 47.0%) 

EF ≥ 50% 4,976 717 (14.4%) 
0.770 

(0.762, 0.779) 

72.9% 

(71.3%, 74.5%) 

66.9% 

(66.3%, 67.6%) 

Male  4,043 652 (16.1%) 
0.752 

(0.743, 0.760) 

75.4% 

(73.9%, 76.8%) 

60.5% 

(59.7%, 61.2%) 

Female 2,239 361 (16.1%) 
0.762 

(0.750, 0.775) 

74.8% 

(72.7%, 76.9%) 

64.0%  

(63.1%, 64.9%) 

Age < 65 years  2,450 361 (14.7%) 
0.820  

(0.810, 0.830) 

79.9% 

(78.2%, 81.6%) 

68.0% 

(67.1%, 68.9%) 

Age ≥ 65 years 3,948 652 (16.5%) 
0.708 

(0.700, 0.717) 

72.1% 

(70.4%, 73.7%) 

57.7%  

(56.9%, 58.4%) 

 

  



Table 4. Performance of model in discriminating any stage of CKD by patient subgroup in the 

KPNC external validation cohort with 95% confidence intervals in parentheses.  

Subgroup 
Number of 

patients 

CKD 

Prevalence 
AUC Sensitivity Specificity 

Diabetes mellitus 16,671 7,092 (42.5%) 
0.684 

(0.678, 0.691) 

81.1% 

(80.4%, 81.8%) 

40.8% 

(40.0%, 41.5%) 

Hypertension 33,445 10,009 (29.9%) 
0.691 

(0.687, 0.696) 

78.1% 

(77.4%, 78.7%) 

46.4% 

(45.9%, 46.9%) 

Coronary artery 

disease 
20,399 6,902 (33.8%) 

0.698 

(0.693, 0.704) 

80.9% 

(80.2%, 81.6%) 

43.6% 

(42.9%, 44.2%) 

Dyslipidemia 29,878 9,021 (30.2%) 
0.706 

(0.701, 0.711) 

78.6% 

(77.9%, 79.2%) 

48.1% 

(47.6%, 48.7%) 

EF < 50% 1,915 711 (37.1%) 
0.659 

(0.635, 0.675) 

86.4% 

(83.6%, 87.7%) 

30.5% 

(29.5%, 33.8%) 

EF ≥ 50% 8,431 1,682 (20.0%) 
0.716 

(0.706, 0.729) 

74.4% 

(72.5%, 76.0%) 

54.8% 

(54.1%, 56.1%) 

Male  21,384 5,625 (26.3%) 
0.713 

(0.707, 0.719) 

78.6% 

(77.8%, 79.4%) 

50.0% 

(49.3%, 50.6%) 

Female 20,203 4,634 (23.0%) 
0.725 

(0.719, 0.732) 

75.8% 

(74.8%, 76.8%) 

55.1% 

(55.5%, 55.7%) 

Age < 65 years  11,947 2,207 (18.5%) 
0.786 

(0.777, 0.794) 

77.8% 

(76.5%, 79.2%) 

62.6% 

(61.8%, 63.4%) 

Age ≥ 65 years 29,742 8,078 (27.2%) 
0.690 

(0.684, 0.695) 

77.2% 

(76.5%, 77.9%) 

47.9% 

(47.4%, 48.5%) 

 

  



Table 5. Performance of model in discriminating any stage of CKD by patient subgroup in the 

SHC external validation cohort with 95% confidence intervals in parentheses.  

Subgroup 
Number of 

patients 

CKD 

Prevalence 
AUC Sensitivity Specificity 

Diabetes mellitus 901 424 (47.1%) 
0.704 

(0.669, 0.741) 

68.9% 

(64.1%, 73.8%) 

63.6% 

(59.2%, 67.9%) 

Hypertension 1,392 534 (38.4%) 
0.683 

(0.654, 0.712) 

64.8% 

(60.4%, 69.2%) 

61.1% 

(57.9%, 64.4%) 

Coronary artery 

disease 
810 403 (49.8%) 

0.638 

(0.595, 0.680) 

63.1% 

(57.5%, 68.8%) 

54.8% 

(49.6%, 69.8%) 

Dyslipidemia 1,484 593 (40.0%) 
0.695 

(0.667, 0.723) 

63.3% 

(59.0%, 67.6%) 

63.8% 

(60.7%, 66.9%) 

EF < 50% 1,047 419 (40.0%) 
0.683 

(0.646, 0.720) 

79.2% 

(75.0%, 83.3%) 

45.9% 

(41.0%, 50.8%) 

EF ≥ 50% 1,756 404 (23.0%) 
0.695 

(0.672, 0.718) 

60.8% 

(57.1%, 64.6%) 

67.6% 

(65.5%, 69.6%) 

Male  1,373 497 (36.2%) 
0.687 

(0.656, 0.717) 

60.1% 

(55.2%, 64.9%) 

66.2% 

(62.9%, 69.3%) 

Female 1,389 301 (21.7%) 
0.695 

(0.660, 0.730) 

61.9% 

(55.8, 67.8%) 

68.6% 

(66.0%, 71.2%) 

Age < 65 years  1,352 317 (23.4%) 
0.745 

(0.715, 0.776) 

62.4% 

(56.6%, 68.1%) 

74.3% 

(71.6%, 76.9%) 

Age ≥ 65 years 1,411 481 (34.1%) 
0.641 

(0.608, 0.673) 

59.6% 

(54.6%, 64.7%) 

60.6% 

(57.5%, 63.6%) 

 

 



 STAR Methods  

Key resources table 

REAGENT or RESOURCE SOURCE IDENTIFIER 

Deposited data 

Model weights This paper https://github.com/

echonet/ckd  

Software and algorithms 

Python v3.10.12 Python https://www.pytho

n.org/downloads/re

lease/python-

31012/  

R(2+1)D convolutional neural network Tran, et al. https://docs.pytorc

h.org/vision/main/

models/generated/t

orchvision.models.

video.r2plus1d_18.

html  

Gradient-weighted Class Activation Mapping Selvaraju, et al. https://github.com/

ramprs/grad-cam/  

 

Experimental Models and Study Participant Details  

This study was approved by the Institutional Review Boards at Cedars-Sinai Medical Center, 

Stanford University, and Kaiser-Permanente Northern California. Participant information on age, 

sex, race/ancestry, and ethnicity were self-reported. Information on gender and socioeconomic 

status was not collected. 

Data Sources and Study Population  

 To develop our deep learning model, we retrospectively analyzed a cohort of patients who 

received care at Cedars-Sinai Medical Center (CSMC) between 2016 and 2022. Similarly, we 

identified two patient cohorts for external validation – one at Kaiser-Permanente Northern 

California (KPNC) with patients who received care between 2022 and 2025 and a second at 

Stanford Healthcare (SHC) with patients who received care between 2010 and 2018. In both the 

development and external validation cohorts, the case cohort consisted of patients who were 

diagnosed with CKD by International Classification of Disease (ICD)-10 code (Supplementary 

Table 1) and who had a PLAX echocardiogram within 1 month of diagnosis. Control patients were 

matched to cases by age within 10 years and sex in a 1:5 ratio. For patients with a creatinine 

measurement within one week of echocardiogram acquisition, estimated glomerular filtration rate 

https://github.com/echonet/ckd
https://github.com/echonet/ckd
https://www.python.org/downloads/release/python-31012/
https://www.python.org/downloads/release/python-31012/
https://www.python.org/downloads/release/python-31012/
https://www.python.org/downloads/release/python-31012/
https://docs.pytorch.org/vision/main/models/generated/torchvision.models.video.r2plus1d_18.html
https://docs.pytorch.org/vision/main/models/generated/torchvision.models.video.r2plus1d_18.html
https://docs.pytorch.org/vision/main/models/generated/torchvision.models.video.r2plus1d_18.html
https://docs.pytorch.org/vision/main/models/generated/torchvision.models.video.r2plus1d_18.html
https://docs.pytorch.org/vision/main/models/generated/torchvision.models.video.r2plus1d_18.html
https://docs.pytorch.org/vision/main/models/generated/torchvision.models.video.r2plus1d_18.html
https://github.com/ramprs/grad-cam/
https://github.com/ramprs/grad-cam/


(eGFR) was calculated using the 2021 CKD-EPI eGFRcr equation45. Urine albumin and creatinine 

labs within one month of echocardiogram acquisition were extracted to calculate UACR. 

Demographic and clinical co-morbidities were extracted from the electronic health records using 

ICD-10 codes. Echocardiographic parameters of left ventricular ejection fraction (LVEF) and LV 

volumes were obtained from the final study reports.  

Methods Details 

Model Development and Interpretability  

 We trained an R(2+1)D46 convolutional neural network as a binary classifier to predict the 

presence of CKD within 1 month of PLAX echocardiogram acquisition using Python v3.10.12. 

R(2+1)D is an established convolutional neural network that leverages spatiotemporal 

convolutional blocks for video analysis. Model weights were randomly initialized at the start of 

training. The dataset was split into train, validation, and test sets in an 8:1:1 ratio on the patient-

level. If a patient had multiple PLAX videos, each video was treated as an independent sample. 

Data augmentation was performed by applying an affine transformation to each video and by 

selecting a random start time. We then trained our model on one NVIDIA RTX 3090 graphics 

processing unit with a learning rate of 1e-3, batch size of 32, Adam optimization with an epsilon 

of 1e-8 and weight decay of 1e-2, and binary cross-entropy loss. Model training was conducted 

for a maximum of 100 epochs. Early stopping was utilized if the validation loss was stable for 15 

consecutive epochs. The final model was selected based on the epoch with the minimum validation 

loss. Model interpretability was analyzed with Gradient-weighted Class Activation Mapping 

(Grad-CAM)44 to generate heatmaps of pixel importance for predictions.  

 

Quantification and Statistical Analysis  

Model performance was assessed using area under the receiver operator characteristic 

curve (AUC), sensitivity, and specificity on the test set, which was not seen during model 

development and training. The 95% confidence interval (CI) was calculated by bootstrapping with 

10,000 samples. Model calibration was also analyzed by quantifying the calibration slope and 

intercept, and Brier score loss was calculated. We evaluated performance to detect mild, moderate, 

severe, and end-stage CKD as defined by ICD-10 codes (Supplementary Table 1) using AUC, 

sensitivity, and specificity as metrics. Patients who did not have a documented stage of CKD were 

excluded from this analysis. The model’s ability to discriminate patients with laboratory evidence 



of CKD was also evaluated. We defined case patients as those with at least 2 eGFR measurements 

that were below a pre-defined threshold, that were taken at least 90 days apart, and that were 

obtained at least 6 months prior to the patient’s first PLAX video. We tested thresholds of eGFR 

< 30, 45, and 60 mL/min/1.73 m2. Control patients were those who did not have a history of 

reduced eGFR prior to echocardiography. AUC, sensitivity, and specificity with 95% confidence 

intervals were calculated for each threshold. 

Subgroup analysis was performed based on co-morbidities of diabetes mellitus, 

hypertension, dyslipidemia, and coronary artery disease; sex; age greater than or equal to 65 years 

old versus lower than 65 years old at the time of echocardiogram acquisition; and cardiac function 

based on LVEF greater than or equal to 50% versus less than 50%. Balanced subgroups based on 

age, LVEF, and each comorbidity were then created to characterize the effect of covariates on 

model performance. For each covariate, balanced subgroups were defined as cases and controls 

with identical prevalences of each covariate; a prevalence of 50% was chosen to enrich the controls 

for each covariate. In the CSMC internal test cohort and KPNC external test cohort, 400 cases 

were randomly sampled such that for each covariate, 50% of cases were positive and 50% were 

negative; similarly, 2,000 controls were sampled such that for each covariate, 50% of controls were 

positive and 50% were negative. This process ensured that cases and controls had identical 

distributions of each covariate. Given the smaller size of the SHC external test cohort, 200 cases 

and 1,000 controls were randomly sampled with identical prevalences of each covariate. AUC, 

sensitivity, and specificity with 95% confidence intervals were then calculated by bootstrapping 

as above. Using the methodology above, we also created a multivariate balanced subgroup using 

co-morbidities of diabetes mellitus, hypertension, and dyslipidemia to capture metabolic syndrome. 

For a combined phenotype of diabetes mellitus, hypertension, and dyslipidemia, 50% of cases were 

positive for all three co-morbidities and 50% were negative for all three. Given the smaller size of 

the SHC external test cohort and this multivariate criteria, 50 cases and 250 controls were randomly 

sampled.  

 

Error Mode Analysis 

We identified patients who were classified as having CKD by the model but did not have 

a corresponding ICD-10 code, and patients who had an ICD-10 code for CKD but were not 

identified by the model. We analyzed their UACR performed within 31 days of echocardiography. 



eGFR measurements for patients over 3 months to 1 year were obtained and compared against 

diagnostic criteria for CKD. Finally, the Kidney Disease: Improving Global Outcomes (KDIGO) 

risk score was also calculated for patients who had a recorded creatinine and UACR measurement. 

Patients who had a clinical diagnosis of CKD but were not identified by the model as having the 

disease were identified, and their disease severity was analyzed across all three clinical sites.  
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Table 1. Demographics and co-morbidities of the internal development cohort at Cedars-Sinai 

Medical Center (CSMC), the external validation cohort at Kaiser-Permanente Northern California 

(KPNC), and the external validation cohort at Stanford Healthcare (SHC) 

 
CSMC 

Controls 

(n=52,346) 

CSMC 

Cases 

(n=10,472) 

KPNC 

Controls 

(n=31,357) 

KPNC 

Cases 

(n=10,254) 

SHC 

Controls 

(n=1,964) 

SHC Cases 

(n=798) 

Age 67.7  15.6 66.5  15.2 69.2  12.9 73.1  13.1 61.0  17.4 66.3  14.9 

Sex       

     Male 33,645 

(64.3%) 

6,731 

(64.3%) 

15,763 

(50.3%) 

5,621 

(54.8%) 
876 (44.6%) 497 (62.3%) 

     Female 18,701 

(35.7%) 

3,741 

(35.7%) 

15,572 

(49.7%) 

4,631 

(45.2%) 
1088 (55.4%) 301(37.7%) 

Race and Ethnicity       

     American Indian 

or Alaska Native 
106 (0.2%) 28 (0.3%) 154 (0.5%) 62 (0.6%) 7 (0.4%) 2 (0.3%) 

     Asian 
3,594 (7.0%) 895 (8.6%) 

4,695 

(15.0%) 

1,805 

(17.6%) 
384 (19.6%) 119 (14.9%) 

     Black or African 

American 

6,072 

(11.8%) 

2,238 

(21.4%) 
2,191 (7.0%) 

1,504 

(14.7%) 
103 (5.2%) 54 (6.8%) 

     Native 

Hawaiian/Pacific 

Islander 

142 (0.3%) 46 (0.4%) 219 (0.7%) 167 (1.6%) 32 (1.6%) 23 (2.9%) 

     Hispanic 5,738 

(11.2%) 

1,715 

(16.4%) 
2,923 (9.3%) 

1,154 

(11.3%) 
198 (10.1%) 111 (13.9%) 

     Non-Hispanic 44,390 

(86.3%) 

8,652 

(82.6%) 

28,434 

(90.7%) 

9,100 

(88.7%) 

1,635 

(83.2%) 
672 (84.2%) 

     White 36,612 

(71.1%) 

6,484 

(61.9%) 

17,152 

(54.7%) 

5,454 

(53.2%) 

1,021 

(52.0%) 
437 (54.8%) 

     Other 3,702 (7.2%) 664 (6.3%) 185 (0.5%) 37 (0.3%) 309 (15.7%) 143 (17.9%) 

     Unknown 2,118 (4.0%) 98 (0.9%) 191 (0.6%) 14 (0.1%) 108 (5.5%) 20 (2.5%) 



Left ventricular 

ejection fraction % 

52.8%  

17.4% 

56.9%  

14.9% 

57.9%  

10.2% 

53.5%  

13.4% 

57.9%  

11.0% 

51.0%  

15.4% 

Left ventricular 

end-diastolic 

volume index 

(mL/m2) 

46.6  25.8 51.9  27.8 49.7  17.1 55.7  23.8 45.8  18.1 55.7  30.4 

Left ventricular 

end-systolic 

volume index 

(mL/m2) 

21.5  17.4 25.9  19.7 21.7  12.7 27.7  20.2 20.3  14.1 30.3  27.5 

Estimated 

glomerular 

filtration rate 

(eGFR, 

mL/min/1.73m2) 

74.02  26.6 33.3  22.5 58.5  5.7 38.1  18.2 89.4  21.0 57.1  28.5 

Urine albumin-to-

creatinine ratio 

(uACR) 

154.3  

492.2 

379.3  

737.1 
46.0  86.4 

129.2  

131.7 
N/A N/A 

Coronary artery 

disease 

12,317 

(23.5%) 

4,013 

(38.3%) 

13,497 

(43.0%) 

6,902 

(67.3%) 
407 (20.7%) 403 (50.5%) 

Hypertension 22,572 

(43.1%) 

8,334 

(79.6%) 

23,436 

(74.7%) 

10,009 

(97.6%) 
858 (43.7%) 534 (66.9%) 

Diabetes mellitus 9,058 

(17.3%) 

5,089 

(48.6%) 

9,579 

(30.5%) 

7,092 

(69.1%) 
477 (24.3%) 424 (53.1%) 

Dyslipidemia 16,739 

(32.0%) 

5,171 

(49.4%) 

20,857 

(66.5%) 

9,021 

(88.0%) 
891 (45.4%) 593 (74.3%) 



Table 2. Model performance on patients with laboratory evidence of CKD  

eGFR threshold 

(mL/min/1.73 m2) 
Cases Controls AUC Sensitivity Specificity 

30 966 4,761 
0.741 

(0.740, 0.743) 

82.5% 

(82.3%, 82.7%) 

48.8% 

(48.8%, 48.8%) 

45 1,649 4,078 
0.726 

(0.725, 0.727) 

77.1% 

(76.9%, 77.2%) 

53.8% 

(53.7%, 53.9%) 

60 2,503 3,224 
0.733 

(0.732, 0.734) 

74.6% 

(74.5%, 74.7%) 

58.4% 

(58.3%, 58.5%) 

  



Table 3. Performance of model in discriminating any stage of CKD by patient subgroup in the 

CSMC internal test cohort with 95% confidence intervals in parentheses.  

Subgroup 
Number of 

patients 

CKD 

Prevalence 
AUC Sensitivity Specificity 

Diabetes mellitus 1,438 508 (35.3%) 
0.728 

(0.716, 0.739) 

77.4%  

(76.2%, 79.3%) 

52.8% 

(50.8%, 53.4%) 

Hypertension 3,086 835 (27.1%) 
0.752  

(0.743, 0.759) 

75.0% 

(74.2%, 76.8%) 

60.9% 

(59.4%, 61.1%) 

Coronary artery 

disease 
1,639 395 (24.1%) 

0.756  

(0.745, 0.767) 

76.2%  

(74.9%, 78.4%) 

59.8% 

(58.1%, 60.2%) 

Dyslipidemia 2,195 500 (22.8%) 
0.752  

(0.742, 0.761) 

72.8% 

(71.7%, 75.0%) 

63.1% 

(61.7%, 63.5%) 

EF < 50% 1,278 444 (34.7%) 
0.700 

(0.685, 0.715) 

79.9% 

(77.9%, 81.9%) 

45.6% 

(44.2%, 47.0%) 

EF ≥ 50% 4,976 717 (14.4%) 
0.770 

(0.762, 0.779) 

72.9% 

(71.3%, 74.5%) 

66.9% 

(66.3%, 67.6%) 

Male  4,043 652 (16.1%) 
0.752 

(0.743, 0.760) 

75.4% 

(73.9%, 76.8%) 

60.5% 

(59.7%, 61.2%) 

Female 2,239 361 (16.1%) 
0.762 

(0.750, 0.775) 

74.8% 

(72.7%, 76.9%) 

64.0%  

(63.1%, 64.9%) 

Age < 65 years  2,450 361 (14.7%) 
0.820  

(0.810, 0.830) 

79.9% 

(78.2%, 81.6%) 

68.0% 

(67.1%, 68.9%) 

Age ≥ 65 years 3,948 652 (16.5%) 
0.708 

(0.700, 0.717) 

72.1% 

(70.4%, 73.7%) 

57.7%  

(56.9%, 58.4%) 

 

  



Table 4. Performance of model in discriminating any stage of CKD by patient subgroup in the 

KPNC external validation cohort with 95% confidence intervals in parentheses.  

Subgroup 
Number of 

patients 

CKD 

Prevalence 
AUC Sensitivity Specificity 

Diabetes mellitus 16,671 7,092 (42.5%) 
0.684 

(0.678, 0.691) 

81.1% 

(80.4%, 81.8%) 

40.8% 

(40.0%, 41.5%) 

Hypertension 33,445 10,009 (29.9%) 
0.691 

(0.687, 0.696) 

78.1% 

(77.4%, 78.7%) 

46.4% 

(45.9%, 46.9%) 

Coronary artery 

disease 
20,399 6,902 (33.8%) 

0.698 

(0.693, 0.704) 

80.9% 

(80.2%, 81.6%) 

43.6% 

(42.9%, 44.2%) 

Dyslipidemia 29,878 9,021 (30.2%) 
0.706 

(0.701, 0.711) 

78.6% 

(77.9%, 79.2%) 

48.1% 

(47.6%, 48.7%) 

EF < 50% 1,915 711 (37.1%) 
0.659 

(0.635, 0.675) 

86.4% 

(83.6%, 87.7%) 

30.5% 

(29.5%, 33.8%) 

EF ≥ 50% 8,431 1,682 (20.0%) 
0.716 

(0.706, 0.729) 

74.4% 

(72.5%, 76.0%) 

54.8% 

(54.1%, 56.1%) 

Male  21,384 5,625 (26.3%) 
0.713 

(0.707, 0.719) 

78.6% 

(77.8%, 79.4%) 

50.0% 

(49.3%, 50.6%) 

Female 20,203 4,634 (23.0%) 
0.725 

(0.719, 0.732) 

75.8% 

(74.8%, 76.8%) 

55.1% 

(55.5%, 55.7%) 

Age < 65 years  11,947 2,207 (18.5%) 
0.786 

(0.777, 0.794) 

77.8% 

(76.5%, 79.2%) 

62.6% 

(61.8%, 63.4%) 

Age ≥ 65 years 29,742 8,078 (27.2%) 
0.690 

(0.684, 0.695) 

77.2% 

(76.5%, 77.9%) 

47.9% 

(47.4%, 48.5%) 

 

  



Table 5. Performance of model in discriminating any stage of CKD by patient subgroup in the 

SHC external validation cohort with 95% confidence intervals in parentheses.  

Subgroup 
Number of 

patients 

CKD 

Prevalence 
AUC Sensitivity Specificity 

Diabetes mellitus 901 424 (47.1%) 
0.704 

(0.669, 0.741) 

68.9% 

(64.1%, 73.8%) 

63.6% 

(59.2%, 67.9%) 

Hypertension 1,392 534 (38.4%) 
0.683 

(0.654, 0.712) 

64.8% 

(60.4%, 69.2%) 

61.1% 

(57.9%, 64.4%) 

Coronary artery 

disease 
810 403 (49.8%) 

0.638 

(0.595, 0.680) 

63.1% 

(57.5%, 68.8%) 

54.8% 

(49.6%, 69.8%) 

Dyslipidemia 1,484 593 (40.0%) 
0.695 

(0.667, 0.723) 

63.3% 

(59.0%, 67.6%) 

63.8% 

(60.7%, 66.9%) 

EF < 50% 1,047 419 (40.0%) 
0.683 

(0.646, 0.720) 

79.2% 

(75.0%, 83.3%) 

45.9% 

(41.0%, 50.8%) 

EF ≥ 50% 1,756 404 (23.0%) 
0.695 

(0.672, 0.718) 

60.8% 

(57.1%, 64.6%) 

67.6% 

(65.5%, 69.6%) 

Male  1,373 497 (36.2%) 
0.687 

(0.656, 0.717) 

60.1% 

(55.2%, 64.9%) 

66.2% 

(62.9%, 69.3%) 

Female 1,389 301 (21.7%) 
0.695 

(0.660, 0.730) 

61.9% 

(55.8, 67.8%) 

68.6% 

(66.0%, 71.2%) 

Age < 65 years  1,352 317 (23.4%) 
0.745 

(0.715, 0.776) 

62.4% 

(56.6%, 68.1%) 

74.3% 

(71.6%, 76.9%) 

Age ≥ 65 years 1,411 481 (34.1%) 
0.641 

(0.608, 0.673) 

59.6% 

(54.6%, 64.7%) 

60.6% 

(57.5%, 63.6%) 
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Supplementary Figure 1. Model calibration with calibration slope 1.15, calibration intercept -

0.02, and Brier score loss of 0.11. Related to Figure 1. 

 

 



Supplementary Figure 2. AUC to detect CKD using the clinical risk calculator recommended by 
the Center for Disease Control (red) and Prevention versus DL-based detection (purple). Related 
to Figure 1. 

 

 

 

 

 



Supplementary Figure 3. Model performance in patient subgroups based on diabetes mellitus, 

hypertension, dyslipidemia, coronary artery disease, ejection fraction, age, and sex in the CSMC 

internal test and SHC and KPNC external validation cohorts. Related to Tables 3, 4, and 5. 



 



Supplementary Table 1. ICD-10 codes used to identify patients diagnosed with CKD. Related 

to Figure 1 and Table 1. 

ICD 10 Codes 

N18.1  

N18.2 

N18.30, N18.31, N18.32 

N18.4  

N18.5 

N18.6 

N18.9 

 

 



Supplementary Table 2. Demographics and co-morbidities of the patients in the train, validation, 

and test cohorts at CSMC for model development. Related to Table 1. 
 

Train 

(n=50,254) 

Validation 

(n=6,282) 
 

Test 

(n=6,282) 

Age 67.3 ± 15.7 66.8 ± 16.0 67.0 ± 15.2 

Sex    

     Male 32,312 (64.3%) 4,021 (64.0%) 4,043 (64.4%) 

     Female 17,942 (35.7%) 2,261 (36.0%) 2,239 (35.6%) 

Race and Ethnicity    

     American Indian or Alaska Native 109 (0.2%) 10 (0.2%) 15 (0.2%) 

     Asian 3,562 (7.1%) 448 (7.1%) 479 (7.6%) 

     Black or African American 6,663 (13.3%) 820 (13.1%) 827 (13.2%) 

     Native Hawaiian/Pacific Islander 144 (0.3%) 17 (0.3%) 27 (0.4%) 

     Hispanic 5,948 (11.8%) 721 (1.5%) 784 (12.5%) 

     Non-Hispanic 42,430 (84.4%) 5,348 (85.1%) 5,264 (83.8%) 

     White 34,518 (68.7%) 4,358 (69.4%) 4,220 (67.2%) 

     Other 3,464 (6.9%) 418 (6.7%) 484 (7.7%) 

     Unknown 1,258 (2.5%) 123 (2.0%) 131 (2.1%) 

Left ventricular ejection fraction % 56.3% ± 15.4% 56.7% ± 15.2% 56.2% ± 15.5% 

Left ventricular end-diastolic volume 

index (mL/m2) 
47.5 ± 26.7 46.8 ± 23.1 47.6 ± 25.1 

Left ventricular end-systolic volume 

index (mL/m2) 
22.1 ± 17.8 22.0 ± 18.6 22.3 ± 17.3 

Estimated glomerular filtration rate 

(eGFR) 
66.3 ± 30.4 66.1 ± 31.2 65.6 ± 30.7 

Urine albumin-to-creatinine ratio 

(UACR) 
137.0 ± 309.5 159.6 ± 337.3 165.4 ± 354.2 

Coronary artery disease 13,015 (25.9%) 1,676 (26.7%) 1,639 (26.1%) 

Hypertension 24,736 (49.2%) 3,084 (49.1%) 3,086 (49.1%) 

Diabetes mellitus 11,290 (22.5%) 1,419 (22.6%) 1,438 (22.9%) 



Dyslipidemia 17.503 (34.8%) 2,212 (35.2%) 2,195 (34.9%) 

 

 



Supplementary Table 3. Model performance in discriminating different degrees of CKD in the 

CSMC cohort (top), KPNC cohort (middle), and SHC cohort (bottom). Negative examples were 

defined as PLAX videos without CKD. 95% confidence intervals are presented in parentheses. 

Related to Figure 1 and Table 2. 

Cedars-Sinai Internal Test Cohort 

Degree of 

CKD 

Number of 

patients 

ICD-10 

Codes 
AUC Sensitivity Specificity 

Mild 93 
N18.1, 

N18.2 

0.694 

(0.670, 0.718) 

68.6% 

(63.4%, 73.2%) 

61.3% 

(61.3%, 62.4%) 

Moderate 362 

N18.3, 

N18.30, 

N18.31 

0.701 

(0.689, 0.712) 

68.4% 

(65.5%, 70.1%) 

61.3% 

(61.3%, 62.4%) 

Severe 149 
N18.4, 

N18.5 

0.773 

(0.755, 0.790) 

76.6% 

(73.1%, 79.7%) 

61.3% 

(61.3%, 62.4%) 

ESRD 307 N18.6 
0.840 

(0.829, 0.850) 

86.9% 

(84.6%, 88.3%) 

61.3% 

(61.3%, 62.4%) 

Kaiser-Permanente External Validation Cohort 

Degree of 

CKD 

Number of 

patients 

ICD-10 

Codes 
AUC Sensitivity Specificity 

Mild 682 
N18.1, 

N18.2 

0.678 

(0.661, 0.693) 

72.2% 

(69.5%, 74.8%) 

52.5% 

(52.0%, 52.9%) 

Moderate 5,832 

N18.3, 

N18.30, 

N18.31 

0.679 

(0.673, 0.684) 

72.8% 

(71.9%, 73.7%) 

52.5% 

(52.0%, 52.9%) 

Severe 1,088 
N18.4, 

N18.5 

0.785 

(0.773, 0.796) 

84.8% 

(83.0%, 86.4%) 

52.5% 

(52.0%, 52.9%) 

ESRD 1,360 N18.6 
0.830 

(0.821, 0.839) 

88.1% 

(86.8%, 89.4%) 

52.5% 

(52.0%, 52.9%) 

Stanford Healthcare External Validation Cohort 



Degree of 

CKD 

Number of 

patients 

ICD-10 

Codes 
AUC Sensitivity Specificity 

Mild 337 N/A 
0.686 

(0.665, 0.707) 

62.4% 

(58.9%, 65.8%) 

65.1% 

(63.4%, 66.8%) 

Moderate 420 N/A 
0.742 

(0.727, 0.757) 

70.3% 

(67.8%, 72.6%) 

65.1% 

(63.4%, 66.7%) 

Severe 125 N/A 
0.838 

(0.819, 0.857) 

85.4% 

(81.7%, 89.0%) 

65.1% 

(63.4%, 66.7%) 

ESRD 129 N/A 
0.837 

(0.818, 0.855) 

82.3% 

(78.8%, 85.7%) 

65.1% 

(63.4%, 66.8%) 

 

 

 



Supplementary Table 4. AUC, sensitivity, and specificity of model performance with 95% 
confidence intervals in subgroups with equal prevalence of samples with and without the 
comorbidity of interest across all 3 clinical sites. Related to Figure 1.  
 

Site Comorbidity AUC Sensitivity Specificity 

CSMC 

Diabetes 0.748 
(0.722, 0.773) 

76.2% 
(72.0%, 80.5%) 

58.2% 
(56.0%, 60.4%) 

Hypertension 0.765 
(0.741, 0.790) 

77.0% 
(72.8%, 81.0%) 

61.6% 
(59.4%, 63.7%) 

Dyslipidemia 0.745 
(0.719, 0.770) 

73.0% 
(68.7%, 77.3%) 

61.5% 
(59.3%, 63.6%) 

CAD 0.726  
(0.698, 0.752) 

72.5% 
(68.0%, 76.9%) 

60.2% 
(58.0%, 62.3%) 

Age ≥ 65 0.775 
(0.751, 0.799) 

77.5%  
(73.4%, 81.6%) 

63.0% 
(60.8%, 65.1%) 

LVEF < 50% 0.731 
(0.705, 0.760) 

76.0% 
(71.7%, 80.1%) 

56.9% 
(54.7%, 59.0%) 

Diabetes, 
hypertension, 
dyslipidemia 

0.774 
(0.749, 0.797) 

79.7% 
(75.7%, 83.5%) 

59.3% 
(57.1%, 61.4%) 

KPNC 

Diabetes 0.693 
(0.664, 0.720) 

73.8% 
(69.5%, 77.9%) 

50.2% 
(48.0%, 52.4%) 

Hypertension 
0.651 

(0.620, 0.681) 
60.8% 

(56.0%, 65.5%) 
59.2% 

(57.1%, 61.4%) 

Dyslipidemia 0.704 
(0.676, 0.732) 

73.2% 
(69.2%, 77.7%) 

54.7% 
(52.6%, 57.0%) 

CAD 0.703 
(0.674, 0.730) 

74.8% 
(70.5%, 78.9%) 

52.5% 
(50.3%, 54.7%) 

Age ≥ 65 0.742 
(0.715, 0.768) 

79.0% 
(74.9%, 82.9%) 

54.9% 
(52.7%, 57.1%) 

LVEF < 50% 0.723 
(0.693, 0.749) 

80.7% 
(76.8%, 84.6%) 

46.5% 
(44.3%, 48.7%) 

Diabetes, 
hypertension, 
dyslipidemia 

0.700 
(0.673, 0.727) 

70.8% 
(66.3%, 75.2%) 

56.5% 
(54.3%, 58.7%) 

SHC 

Diabetes 0.705 
(0.666, 0.744) 

65.5% 
(58.8%, 72.0%) 

64.9% 
(61.9%, 67.9%) 

Hypertension 0.703 
(0.664, 0.742) 

65.5% 
(58.9%, 72.0%) 

65.0% 
(62.0%, 67.9%) 

Dyslipidemia 0.692 66.0% 64.2% 



(0.653, 0.729) (59.2%, 72.4%) (61.2%, 67.2%) 

CAD 0.701 
(0.661, 0.739) 

69.5% 
(62.9%, 75.7%) 

59.9% 
(56.9%, 62.9%) 

Age ≥ 65 0.723 
(0.685, 0.760) 

67.0% 
(60.3%, 73.5%) 

64.6% 
(61.7%, 67.5%) 

LVEF < 50% 0.714 
(0.675, 0.752) 

67.5% 
(61.0%, 73.9%) 

62.5% 
(59.4%, 65.5%) 

Diabetes, 
hypertension, 
dyslipidemia 

0.737 
(0.684, 0.785) 

68.0% 
(58.7%, 77.1%) 

65.0% 
(60.8%, 69.1%) 

 

 



Supplementary Table 5. AUC, sensitivity, and specificity with 95% confidence intervals for 
detection of moderate to severe CKD, excluding ESRD. Related to Figure 1 and Table 2. 

Site AUC Sensitivity Specificity 

CSMC 0.721 
(0.711, 0.731) 

70.3% 
(68.4%, 72.1%) 

61.9% 
(61.3%, 62.4%) 

KPNC 0.695 
(0.690, 0.701) 

74.7% 
(73.9%, 75.5%) 

52.5% 
(52.0%, 52.9%) 

SHC 0.763 
(0.750, 0.777) 

73.8% 
(71.6%, 75.9%) 

65.1% 
(63.4%, 66.7%) 

 



Context and Significance  

Chronic kidney disease (CKD) is the gradual loss of kidney function, impacting over 850 million 

people globally. CKD and cardiovascular disease share common risk factors, often occur together, 

and can lead to higher morbidity. Diagnosing CKD requires blood and urine studies, and over 60% 

of people with the condition do not know they have it. Researchers at Cedars-Sinai Medical Center, 

Kaiser Permanente Northern California, and Stanford University show that deep learning can 

reliably detect CKD from echocardiography, an ultrasound of the heart. Their deep learning model 

offers a noninvasive avenue to diagnose CKD earlier, prevent disease progression, and connect 

people to appropriate treatments that can protect both their heart and their kidney. 

 

Highlights  

 Deep learning can detect any stage of CKD from echocardiography.  

 Our model demonstrates robust performance across 3 distinct clinical centers.  

 Our model learns echocardiographic features of CKD shared across high-risk populations. 

 

eTOC 

Chronic kidney disease (CKD) has an underdiagnosis rate of over 60%, and high-risk populations 

are not routinely screened. Here, Yuan et al. develop and externally validate a deep learning model 

to detect CKD from echocardiography, offering a promising avenue to enable earlier screening and 

close diagnostic gaps. 
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