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Predicting future occlusion or stenosis of lower extremity bypass

grafts using artificial intelligence to simultaneously analyze all flow

velocities collected in current and previous ultrasound

examinations

Xiao Luo, PhD,a Fattah Muhammad Tahabi, BS,a Dave M. Rollins, RVT,b and

Alan P. Sawchuk, MD,c Indianapolis, IN
ABSTRACT
Objective: Routine surveillance with duplex ultrasound (DUS) examination is recommended after femoral-popliteal and
femoral-tibial-pedal vein bypass grafts with various intervals postoperatively. The presently used methodology to analyze
bypass graft DUS examination does not use all the available data and has been shown to have a significant rate for
missing impending bypass graft failure. The objective of this research is to investigate recurrent neural networks (RNNs)
to predict future bypass graft occlusion or stenosis.

Methods: This study includes DUS examinations of 663 patients who had bypass graft operations done between January
2009 and June 2022. Only examinations without missing values were included. We developed two RNNs (a bidirectional
long short-term memory unit and a bidirectional gated recurrent unit) to predict bypass graft occlusion and stenosis
based on peak systolic velocities collected in the 2 to 5 previous DUS examinations. We excluded the examinations with
missing values and split our data into training and test sets. Then, we applied 10-fold cross-validation on training to
optimize the hyperparameters and compared models using the test data.

Results: The bidirectional long short-term memory unit model can gain an overall sensitivity of 0.939, specificity of 0.963, and
area under the curve of 0.950 on the prediction of bypass graft occlusion, and an overall sensitivity of 0.915, specificity of 0.909,
and area under the curve of 0.912 predicting the development of a future critical stenosis. The results on different bypass types
show that the system performs differently on different types. The results on subcohorts based on gender, smoking status, and
comorbidities show that the performance on current smokers is lower than the never smoker.

Conclusions: We found that RNNs can gain good sensitivity, specificity, and accuracy for the detection of impending
bypass graft occlusion or the future development of a critical bypass graft stenosis using all the available peak systolic
velocity data in the present and previous bypass graft DUS examinations. Integrating clinical data, including de-
mographics, social determinants, medication, and other risk factors, together with the DUS examination may result in
further improvements.

Clinical Relevance: Detecting bypass graft failure before it occurs is important clinically to prevent amputations, salvage
limbs, and save lives. Current methods evaluating screening duplex ultrasound examinations have a significant failure
rate for detecting a bypass graft at risk for failure. Artificial intelligence using recurrent neural networks has the potential
to improve the detection of at-risk bypass graft before they fail. Additionally, artificial intelligence is in the news and is
being applied to many fields. Vascular surgeons need to know its potential to improve vascular outcomes. (JVSeVascular
Science 2024;5:100192.)
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Peripheral artery disease affects 8 to 12 million Ameri-
cans. This results in approximately 185,000 amputations
per year and approximately 2 million Americans living
with limb loss.1 The annual cost of amputation care in
the United States is $13.7 billion.2 Lower extremity revas-
cularizations are done to alleviate disabling claudication,
salvage limbs, and prevent amputations. Occlusion of a
bypass graft causes recurrent limb ischemia with an
increased risk for an amputation in patients with limb
threatening ischemia. Unfortunately, lower extremity
bypass grafts are prone to failure. The 3-year primary
patency of a femoral to popliteal artery bypass above
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ARTICLE HIGHLIGHTS
d Type of Research: A global, multicenter, prospective,
nonrandomized, single-arm, investigational device
exemption study

d Key Findings: Treatment of symptomatic iliofemoral
venous outflow obstruction using the Zilver Vena
venous stent (Cook Ireland, Ltd, Limerick, Ireland) in
243 patients resulted in a 30-day freedom from ma-
jor adverse events (MAE) rate of 96.7% and 12-month
primary quantitative patency rate of 89.9%, which
surpassed the corresponding performance goals.
Also, significant improvement in clinical symptoms
was demonstrated through 12 months.

d Take Home Message: The 12-month results indicate
that the Zilver Vena venous stent is safe and effective.
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the knee for saphenous vein is 73%, and patency with a
polytetrafluoroethylene graft is 66%. For infrapopliteal
grafts the 3-year primary patency is 66% for saphenous
vein and the 2-year patency with a polytetrafluoroethy-
lene graft is 32%.3 Bypass grafts remain at risk for failure
over their lifetime. It is well-known that bypass graft
patency and limb salvage are improved if a bypass graft
can be repaired when it is failing but has not yet
occluded.3,4 To salvage limbs and prevent amputations,
vascular physicians do bypass graft surveillance to look
for signs that a bypass graft may fail so that an interven-
tion can be done before the bypass graft occludes and
threatens the limb. This surveillance consists of the
clinical examination, including a lower extremity arterial
bypass graft duplex ultrasound (DUS) examination,
which examines how blood moves through the arteries
and graft. It provides information about the speed of
the blood flow, if there are any bypass graft stenoses,
and, if so, where they are.
Unfortunately, present methods of bypass graft surveil-

lance have been shown to not detect a significant num-
ber of impending bypass graft occlusions. The earliest
method of bypass graft surveillance was done using the
clinical examination and the ankle to brachial pressure
ratio determined during a lower extremity Doppler study
(LEAD) study. A LEAD study is generally considered sug-
gestive of impending bypass graft failure if the ankle-
brachial ratio decreases by >0.15.5 Several studies have
indicated that a LEAD study alone misses many impend-
ing bypass graft failures.6,7 It was initially thought that
bypass graft DUS examination, which can detect low
flow in the bypass graft, or stenosis within the bypass
graft, might improve bypass graft surveillance and miti-
gate bypass graft failure.8,9 More recent studies, including
meta-analysis, have indicated that the use of routine
DUS surveillance does not result in a significant change
in the primary, secondary, or assisted primary patency
rates, or a statistically significant decrease in the amputa-
tion rate compared with an LEAD study and clinical ex-
amination.10 Another study suggested that a prediction
model might indicate which patients would benefit
from periodic bypass graft DUS screening.11 A prospective
randomized trial of vein bypass graft surveillance also did
not show any additional benefit to adding DUS to vein
graft surveillance.12 This finding indicates that the ability
to predict bypass graft occlusion before it occurs needs
improvement to salvage more bypass grafts and save
more limbs.
Machine learning techniques have been applied

recently to clinical data to predict various clinical out-
comes of vascular surgery and other operations or dis-
eases,13-15 including the prediction of graft failure after
liver transplantation,16,17 predicting long-term mortality
and graft failure in patients undergoing heart trans-
plant,18 and vein graft surveillance analysis.19 The work
on the vein graft surveillance analysis used a decision
tree for prediction. The input to the decision tree
included the results of one postoperative DUS examina-
tion and early clinical variables.19 Prior relevant studies
have not investigated the feasibility of applying deep
learning methods on a set of DUS studies to predict
potential bypass graft failure or the development of a
high-grade stenosis before it occurring to promote limb
salvage. Although a recent study shows substantial asso-
ciations between DUS values and stenosis or occlusion,20

there is nomodel developed using a large patient cohort.
The objective of this research was to investigate state-

of-the-art deep learning algorithms on predicting bypass
graft occlusion and high-level stenosis using a set of flow
velocity values collected via DUS examination, which is
done periodically during postoperative routine surveil-
lance screening.

METHODS
The study cohort consisted of 663 adults (aged

$18 years) who underwent bypass graft operations
between January 2009 to June 2022 and had two or
more postoperative DUS surveillance screenings done
in Indiana University Health. The study was approved
by the Institutional Review Board of Indiana University.
All DUS examinations were performed in the hospitals

by trained vascular ultrasound technologists in an Inter-
societal Accreditation Commission accredited vascular
laboratory. The bypass graft DUS measures peak systolic
velocities (PSVs) and velocity ratios of adjacent PSVs
within the graft and adjacent arteries. When performing
DUS examinations, PSVs are obtained from the adjacent
proximal inflow artery and distal outflow artery in addi-
tion to the full length of the graft conduit, including
inflow artery (PSVia), proximal anastomosis (PSVpa), prox-
imal graft (PSVpg ), proximal/mid graft (PSVpmg ), mid graft
(PSVmg ), mid/distal graft (PSVmg ), distal graft (PSVdg ), distal
anastomosis (PSVda), and outflow artery (PSVoa). Quality
assurance of these studies is done by comparison with
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computed tomography angiography (CTA) or angiog-
raphy when available. Eleven percent of these bypass
graft DUS examinations have a concurrent CTA or
arteriography study. These radiographic studies are
predominantly done in patients with abnormal findings,
because an asymptomatic patient with a normal study
would not have an indication for a more invasive study.
The typical surveillance protocol included an examina-
tion 1 month after the procedure and at 3, 6, and 12
months after the procedure. Additional screenings are
done on an annual or semiannual basis, depending on
the findings. Indications for additional examinations
included aberrant findings on DUS examination,
impaired wound healing, aberrant pain, or other signs
of ischemia.
Before the examination, a history is obtained from the

referring physician, medical record, and the patient to
determine the reason for the examination. The medical
history focused on presenting symptoms, previous his-
tory of revascularization procedures, hypertension, dia-
betes, cerebrovascular disease, cardiac disease, tobacco
use, and hyperlipidemia. The determination of an occlu-
sion is based on the DUS examination when any PSV is
measured as 0 or there is no flow in the graft. The
high-level stenosis is input based on the clinical impres-
sion text on the report. The clinician diagnoses a >75%
bypass graft stenosis if the ratios of the velocities be-
tween the stenotic segment and the adjacent non-
stenotic segment is >3.5 or the PSV is >300 cm/s.21 Addi-
tionally, a PSV of <40 cm/s is considered to be low flow in
the graft with a risk for bypass graft failure. The inflow ar-
tery, all segments of the bypass graft, and the outflow ar-
tery were evaluated in these studies. If the clinical
impression states that there is a >75% stenosis of the
graft or any part of the artery, it is counted as a stenosis
case. When patients had bypass grafts on both sides,
each side was considered separately. One patient can
have multiple occlusions or stenosis cases after opera-
tions or reinterventions. Each occlusion or stenosis is
counted as an independent case. We excluded the
DUS examinations if there are missing values. On
average, 1.3 examinations of each patient are excluded.
In this research, we applied deep learning methods for

the prediction of bypass graft failure and stenosis. Our
method is to predict the probability of future bypass
graft occlusion or stenosis based on the PSVs collected
in all the previous DUS examinations. The prediction of
future elevated PSVs can assist clinicians to determine
which bypass grafts may develop stenosis or occlusion
earlier. We applied stratified sampling on our data based
on occlusion, stenosis, and number of examinations
before the occlusion and stenosis and divided our data
into training (80%) and test (20%) datasets. Then, we
applied 10-fold cross-validation on the training data to
identify the optimal parameters and compare the perfor-
mances of two recurrent neural network (RNN) models.
The optimal parameters were then used to build the
models using training data only. Finally, the test data
are used to produce the performances. Because the
dataset is imbalanced with more normal cases, we
applied an oversampling technique22 to increase the
occlusion and stenosis cases, so that the number of cases
in each category is similar.
RNNs are a class of artificial neural networks that have

been used in various predictive analysis tasks including
those in the clinical domain, such as seizure detection
or human brain state prediction using electroencephalo-
graphic data,23,24 hospital visit prediction using electronic
health records data,25 and so on. RNNs are an extension
of a conventional feed-forward neural network with a
recurrent hidden state whose activation at each time is
dependent on that of the previous time, shown as Equa-
tion 1 and 2, where xt , ht , and yt are the input, hidden
layer vector, and output at time t , W ;U ; and b are the

ht ¼ gh
�
Whht�1 þUhxt þ bh

�
(1)

yt ¼ gy
�
Wyht þ by

�
(2)

The advantage of RNNs is it uses the clinical time-series
data in all previous time steps or, in this case, all previous

bypass graft DUS examinations to predict the final out-
comes. Deep RNNs are computationally expensive and
may suffer from the problem of vanishing or exploding
gradients. Hence, variations of RNNs, including bidirec-
tional long short-term memory units (BiLSTMs)26 and
bidirectional gated recurrent units (BiGRUs)27 were intro-
duced to solve the vanishing gradient problem. In this
study, we experiment with both BiLSTM and BiGRU
models for bypass graft occlusion and stenosis predic-
tion, since they are used in recent literature on other clin-
ical predictive analysis.28-31 The BiLSTM model is built on
LSTM cells with two LSTM layers. The input sequence
flows forward through a LSTM layer and backward in
the additional LSTM layer. Then, we combine the outputs
from both LSTM layers by concatenating them. Each
LSTM cell acts like an RNN cell with the main difference
being that LSTM cell has three gates: forget gate, input
gate, and output gate. A GRU is a variation of an LSTM.
The main difference between GRU and LSTM cells is
that GRU combines the forget and input gates into an
update gate and merges the cell state and hidden state.
Based on the literature, BiGRU sometimes performs bet-
ter than BiLSTM on prediction problems,32,33 or vice
versa.34

In our study, the input to the BiLSTM or BiGRU cells are
the PSVs collected during DUS examinations at different
time points (DUS0;DUS1;.;DUSt shown as Fig 1). Each
DUS examination includes all nine PSVs (PSVia , PSVpa ,
PSVpg , PSVpmg , PSVmg , PSVmg , PSVdg , PSVda , and PSVoaÞ. The
output of the hidden layer is sent to a classification layer
for prediction. If a patient has n ðn $ 3Þ DUS



Fig 1. Recurrent neural networks (RNN) for the prediction of occlusion or stenosis. DUS, Doppler ultrasound
examination; GRU, gated recurrent unit; LSTM, long short-term memory.
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examinations, we generate n � 2 sequences for predic-
tion. The objective is to predict the examination results
of DUS3;.;DUSn : For example, if a patient has five
DUS examinations, we generate three input sequences
based on the first, second, third, and fourth DUS exami-
nations, respectively. The objective is to predict the oc-
clusion or stenosis status of the third, fourth, and fifth
DUS examinations. The performances are calculated
based on the sequences of the DUS examinations. We
call each sequence a case in the following content.
Both RNN models were set to have 15 neurons and a

dropout rate of 0.1; they were trained with 15 maximum
epochs with a batch size of 500. The Adam optimizers
were used with a learning rate of 0.01 and a weight decay
of 0.05. For the loss function, categorical cross-entropy is
used.

STUDY COHORT
Our study cohort has 663 unique patients in total. For pa-

tients for whom we had the original operative note, this
included 172 femoropopliteal bypasses with vein (Current
Procedural Terminology [CPT] code 35556), 122 femoroti-
bial bypasses with vein (CPT code 35566), 73 femoropopli-
teal bypasses with polytetrafluoroethylene (CPT code
35656), 62 femoral-femoral bypasses with polytetrafluoro-
ethylene (CPT code 35661), 25 popliteal-tibial bypasses
with vein (CPT code 35571), and 24 axillary-femoral-
femoral bypasses with polytetrafluoroethylene (CPT code
35654). The analyses of these individual types of graft
were included in this research. After data preprocessing,
there are 53 patients who have only occlusion, 101 patients
who have only stenosis, 8 patients who have both occlu-
sion and stenosis studies, 6 patients with more than one
occlusion, 19 patients with multiple stenosis studies, and
501 patients in the control group. A patient was
categorized in occlusion, stenosis, and control groups
when we applied the univariate analysis. Table I shows
the demographic and comorbidity characteristics of the
study cohort. In univariate analysis, demographic and co-
morbidity data were compared between control patients
and patients with occlusion or stenosis (independent vs
nonindependent) using an independent t test for vari-
ables and a c2 test for categorical variables.
There are no significant differences between the age of

control, occlusion, or stenosis patients. There are more fe-
male patients in the occlusion group (P < .01). Regarding
smoking status, the control group has more patients
who never smoked (P < .01). The collected comorbidities
that are often associated with bypass failure or stenosis
patients are also listed in Table I. Compared with the
control group, the occlusion group has more patients
with hypertension (P < .01), and the stenosis group has
more patients with hyperlipidemia (P < .05).

RESULTS
There are 69 studies that indicated occlusion, 133

studies that indicated a >75% stenosis, and 3198 normal
studies. On quality assurance data, the interpreting phy-
sicians had an overall accuracy of 92%matching the gold
standard of CTA or arteriography for determining
whether a bypass graft had <50%, 50% to 74%, or 74%
to 99% stenosis matching the location of the stenosis
when compared with their DUS interpretation when
CTA or arteriographic imaging was available. Through
applying the paired t test on the area under the curve
(AUC) values gained using the 10-fold cross-validation
on training, we found that BiLSTM works better on steno-
sis prediction (P < .05), whereas they performed compet-
itively on occlusion prediction. Based on the
performances shown in Tables II and III, the



Table I. Summary of the study cohort

Total Control
Occlusion

only P value occlusion
Stenosis

only
P value
stenosis

No. of patients 663 501 53 101

Age, years 73.95 6 13.47 74.12 6 13.83 72.47 6 13.74 .42 74.79 6 11.48 .77

Sex

Male 407 (61.4) 314 (62.7) 25 (47.2) <.01 63 (62.4) .84

Female 254 (38.3) 186 (37.1) 28 (52.8) <.01 37 (36.6) .84

Unknown 2 (0.3) 1 (0.2) 0 (0.0) - 1 (1.0) -

Smoking status

Never smoker 250 (37.7) 196 (39.1) 14 (24.4) <.01 38 (37.6) .82

Previous smoker 208 (31.4) 155 (30.9) 19 (35.8) .68 33 (32.7) .83

Current smoker 205 (30.9) 150 (29.9) 20 (37.7) .36 30 (29.7) .76

Comorbidity

Diabetes 279 (42.1) 201 (40.1) 25 (47.2) .51 49 (48.5) .07

CAD 228 (34.4) 171 (34.1) 19 (35.8) .83 33 (32.7) .82

Hypertension 517 (78.0) 380 (75.8) 47 (88.7) <.01 82 (82.2) .37

Hyperlipidemia 466 (70.3) 341 (68.1) 40 (75.5) .41 77 (76.2) <.05

CAD, Coronary artery disease.
Values are man 6 standard deviation or number (%). Boldface entries indicate statistical significance.

Table II. Confusion Matrix of bidirectional long short-term
memory units (BiLSTM) model on Test data

Predicted

Actual

Normal Occlusion Stenosis

Normal 1525 68 163

Occlusion 2 31 0

Stenosis 5 0 54

Table III. Confusion Matrix of bidirectional gated recurrent
units (BiGRU) model on Test data

Predicted

Actual

Normal Occlusion Stenosis

Normal 1377 180 199

Occlusion 2 31 0

Stenosis 6 1 52
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performances of BiLSTM on the test set had an overall
sensitivity of 0.939, specificity of 0.963, and receiver oper-
ating characteristic (ROC)-AUC of 0.950 for predicting
impending bypass graft failure before occlusion in
bypass grafts that occluded. Based on the confusion
matrices shown in Tables II and III, bothmodels detected
31 of the 33 bypasses that occluded in test sets, leaving
only 2 bypasses presenting occlusion without studies
indicating an impending graft failure. The BiLSTM model
on the test set had an overall sensitivity of 0.915, speci-
ficity of 0.909, and ROC-AUC of 0.912 for detecting a
bypass graft that would proceed to develop a >75% ste-
nosis before a standard bypass graft DUS examination
would classify the graft at risk. The confusion matrices
shown in Tables I and II show that BiLSTM detected 54
of the 59 bypass stenosis cases, whereas BiGRU detected
52 of 59 bypass stenosis cases.
The results of both BiLSTM and BiGRU in Tables IV and

V show that, when the input for the number of DUS ex-
aminations is three or more, the performance of BiLSTM
can gain high sensitivity, specificity, and AUC-ROC values.
When at most two consecutive DUS examinations are
used for occlusion prediction, BiLSTM can gain an AUC-
ROC of 0.902. With the increase of the number of DUS
examinations, the prediction performance increases.
The overall performance on stenosis prediction is approx-
imately 3.8% less than the occlusion prediction based on
the AUC-ROC value on test data when BiLSTM is used.
We have also included the performances on different

bypasses in Tables VI and VII. There are no occlusion
cases of the popliteal-tibial bypasses and only two occlu-
sion cases of axillary-femoral-femoral bypasses in the
study cohort. There is no stenosis case of the axillary-
femoral-femoral bypass cases in the study cohort. Thus,
the results of these two types are not included. The
results show that both models perform better on the
femoropopliteal bypass occlusion prediction. However,
the BiLSTM model cannot predict the only one occlusion
case of femoral-femoral bypass in the test data
(in Table VI, the sensitivity is 0 and the AUC value cannot
be calculated), whereas the BiGRU model predicted it
correctly. Both models do not perform as well on the ste-
nosis cases that happened with the femorotibial bypass.



Table IV. Comparison of performances for occlusion prediction

No. of DUS examinations 2 3 4 5 Overall

Support 16 7 8 2 33

BiLSTM

Sensitivity 0.875 1.000 1.000 1.000 0.939

Specificity 0.929 0.979 0.992 0.979 0.963

AUC 0.902 0.989 0.996 0.989 0.950

BiGRU

Sensitivity 0.938 1.000 0.875 1.000 0.939

Specificity 0.829 0.921 0.951 0.983 0.901

AUC 0.883 0.961 0.913 0.991 0.920

AUC, Area under the curve; BIGRU, bidirectional gated recurrent units; BiLSTM, bidirectional long short-term memory units; DUS, Doppler ultrasound.

Table V. Comparison of performances for stenosis prediction

No. of DUS examinations 2 3 4 5 Overall

Support 23 22 7 7 59

BILSTM

Sensitivity 0.957 0.864 0.857 1.000 0.915

Specificity 0.850 0.935 0.943 0.974 0.909

AUC 0.903 0.899 0.900 0.987 0.912

BIGRU

Sensitivity 0.783 0.955 0.857 1.000 0.881

Specificity 0.799 0.921 0.962 0.970 0.889

AUC 0.791 0.938 0.909 0.985 0.885

AUC, Area under the curve; BIGRU, bidirectional gated recurrent units; BiLSTM, bidirectional long short-term memory units; DUS, Doppler ultrasound.

Table VI. Performances on different bypass types for occlusion prediction

CPT codes 35,556 35,566 35,656 35,661

Support 10 8 3 1

BILSTM

Sensitivity 1 0.875 1 0

Specificity 0.973 0.969 0.966 0.975

AUC 0.986 0.922 0.983 -

BIGRU

Sensitivity 1 0.875 1 1

Specificity 0.923 0.948 0.816 0.884

AUC 0.962 0.911 0.908 0.942

AUC, Area under the curve; BIGRU, bidirectional gated recurrent units; BiLSTM, bidirectional long short-term memory units; CPT, Current Procedural
Terminology.
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Because the study cohort has more male patients, and
most of the patients have various chronic conditions, we
investigated the performances of BiLSTM model perfor-
mance on each of the subcohorts defined by the gender,
smoking status, and comorbidities. AUC-ROC curves,
which are analyses of accuracy for imbalanced data,
are shown in Figs 2 and 3. For occlusion prediction,
shown as Fig 2, there is no significant difference in
prediction when patients have hypertension. However,
the AUC is slightly higher for male patients or without
diabetes. If the patient is a current smoker, the returned
AUC is lower.
For the prediction of a bypass graft developing a steno-

sis, shown as Fig 3, the performance in female patients is
higher than that in male patients. Like occlusion predic-
tion, if the patient is a current smoker, the returned AUC



Table VII. Performances on different bypass types for stenosis prediction

CPT codes 35,556 35,566 35,656 35,661 35,571

Support 16 26 8 4 5

BILSTM

Sensitivity 1.000 0.846 1.000 1.000 1.000

Specificity 0.937 0.885 0.905 0.975 0.857

AUC 0.969 0.865 0.953 0.987 0.922

BIGRU

Sensitivity 1.000 0.885 1.000 0.500 1.000

Specificity 0.863 0.863 0.841 0.915 0.870

AUC 0.932 0.874 0.920 0.708 0.870

AUC, Area under the curve; BIGRU, bidirectional gated recurrent units; BiLSTM, bidirectional long short-term memory units; CPT, Current Procedural
Terminology.

Fig 2. Typical receiver operator cure area under the curves (AUC) showing the accuracy of using bidirectional long
short-term memory units (BiLSTMs) for occlusion prediction on test data.
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is slightly lower. If the patient has coronary artery disease
or diabetes, the prediction accuracy is lower. If the pa-
tient has hyperlipidemia, the prediction accuracy is
higher. Hypertension makes no significant difference in
stenosis prediction.

DISCUSSION
RNN models can be built to predict impending bypass

graft occlusion and stenosis based on a set of PSVs
measured in past DUS examinations. The occlusion and
stenosis predictions are more accurate when there are
three or more DUS examinations in medical history.
Even with PSVs collected in two DUS examinations, the
sensitivity, specificity, and AUC values can exceed >0.9
when the BiLSTM model is used. We believe this model
can assist physicians to identify possible occlusion and
stenosis cases before they turn into occlusions or stenosis
in high-risk patients. If a patient has a low risk of stenosis
or occlusions, the follow-up visit can be postponed. If the
patient is at risk of developing stenosis or occlusion, inter-
vention or further diagnostic imaging can be planned.
This patient-centered method is desirable for this deli-
cate patient population. Nonetheless, before being
implemented in clinical practice, the model needs to un-
dergo further validation. Our approach is based on two or
more DUS examinations. There are cases when occlusion
or stenosis happens after one DUS examination. To
detect those situations, we think it is important to inte-
grate other data, such as symptoms, patient physical
activities, and other clinical data for prediction.



Fig 3. Typical receiver operator cure area under the curves (AUC) showing the accuracy of using bidirectional long
short-term memory units (BiLSTMs) for stenosis prediction on test data.
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The occlusion and stenosis prediction on the subco-
horts based on the gender, smoking status, and comor-
bidities show that the prediction accuracy varies based
on different patient populations. The impact of the med-
ications taken by the patient in different patient popula-
tions may also be relevant to investigate. The research in
the literature shows that the risk factors for failure of
lower extremity revascularization procedures include
age,35 gender,36,37 smoking status,38 hypertension,35

hyperlipidemia,35 and diabetes.35,39 This finding implies
that using demographic information, social determi-
nants of health, medication, and comorbidities can build
a personalized prediction system. The future design of
the RNN models can be modified to consider the dy-
namic clinical features such as diagnoses, medications,
laboratory test results, and symptoms at the time when
the DUS examinations are done. The future system can
also consider static clinical features, such as gender
and age, before the classification layer.
The performance of the artificial intelligence RNN

model was better on femoropopliteal bypasses than
femorotibial bypasses. We hypothesize that femorotibial
bypass failure with smaller outflow vessels may be more
dependent on changes in these outflow vessels, which
are not fully evaluated in a standard bypass graft DUS
examination. Future studies should evaluate more
segments of the outflow tibial vessel to see if this
enhances test accuracy.
The inclusion of the proposed bypass graft surveillance

predictive models into the clinical workflow needs to
consider the integration of all DUS examination results
into the typical EHR systems and model fine-tuning
needs to be done periodically. In addition, model inter-
pretation should be included in the future to provide
details on the risk factors of individuals that drive the
prediction result.
We attempted to do a retrospective comparison be-

tween artificial intelligence analysis of bypass graft DUS
examinations vs physician interpretation. Upon reviewing
the chart, we discovered several intricacies that would
make it difficult to make a straightforward comparison.
In 2 of 69 patients with a bypass graft occlusion the inter-
preting physician detected a >75% bypass graft stenosis,
but the referring physician did not choose to do further
imaging or treatment. In 7 of 69 patients, there were sin-
gle findings suggestive of low bypass graft flow or
segmental stenosis, but there were other findings, such
as no significant change from previous studies or bypass
graft tortuosity, that led the interpreting physician to
conclude that abnormal findings were not due to a crit-
ical stenosis. In 60 of 69 bypass graft occlusions, there
was no evidence of impending bypass graft occlusion
using standard criteria for physician interpretation.
However, in a retrospective review of these patients’
charts, there were some instances of severe intercurrent
illnesses, such as cancer or patient noncompliance with
the examination schedule, where the physician may
have picked up signs of impending bypass graft occlu-
sion if those intercurrent events had not interfered with
routine patient care. In a few cases, the patient under-
went an intervention based on an abnormal DUS
examination, a subsequent normal DUS examination,
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and an occlusion on the subsequent follow-up examina-
tion. In those few cases, the abnormal DUS examination
before the intervention may have contributed to artificial
intelligence using RNNs predicting a future occlusion.
This study demonstrates that artificial intelligence us-

ing RNNs can automate the interpretation of bypass
graft DUS examinations with good sensitivity, specificity,
and accuracy. It suggests that an artificial intelligence
analysis may improve the predictive value of impending
bypass graft failure over currently used methodology.
However, the RNNs are time-series analysis models that
need multiple ultrasound examinations to analyze the
trend in the PSVs for the prediction. When there is only
one examination, RNNs cannot be applied. From these
results, we can tell that, when there are only two exami-
nations, the systems do not perform as well as the situa-
tions that have three or more examinations. This result
means that the system can assist physicians in making
decisions only when the patients have multiple ultra-
sound examinations. In contrast, we believe that conclu-
sion requires a prospective comparison between artificial
intelligence and current interpretation techniques,
which we would like to conduct in the future. The artifi-
cial intelligence model can be automated to assist
community-based physicians in detecting when a
bypass graft has an increased risk of failure so that pa-
tient care can be modified to try to preserve the bypass.
A decision could be made to decrease the time between
screening intervals, perform further imaging studies such
as a CTA, or proceed with arteriography and possible
intervention.
There are limitations to this study. We have excluded

the examinations with missing values. Imputation
methods can be explored in the future to improve the
robustness of the method. The DUS measurements are
operator dependent on positioning of the ultrasound
probe, the angle of the ultrasound probe and the possi-
bility that there were stenotic segments of the graft
missed by the ultrasonographer, although in our quality
assurance 92% of the ultrasound examinations matched
CTA or digital subtraction angiography when those
studies were available for comparison. It is worth
mentioning that other advanced RNN models can also
be applied to improve the performance of the models,
such as an RNN with an attention layer, and so on. This
study should be verified with further prospective studies,
including a prospective comparison between the sensi-
tivity, specificity, and accuracy for predicting bypass graft
stenosis or occlusion should be made between using
artificial intelligence with RNNs and standard physician
interpretation.

CONCLUSIONS
We collected DUS examination data from a group of

patients undergoing open lower extremity revasculariza-
tion for peripheral artery disease. We developed RNNs to
predict the impending occlusion and stenosis after two
or more DUS examinations are done. We found that
the model can gain high performance on occlusion
and stenosis prediction. There are disparities in patients
with different categories of smoking and comorbidities.
These findings lay the groundwork for research on inte-
grating full clinical data including demographics, social
determinants of health, medications, and other risk fac-
tors into the predictive analysis. The sensitivity, specificity,
and accuracy are excellent when multiple ultrasound ex-
aminations are available for analysis, but the error rate is
higher when there is only one DUS examination. Inte-
grating other clinical data may improve the performance
of this model when there are limited examinations.
Future work should focus on developing a comprehen-
sive predictive analysis system to include all relevant
risk factors and provide immediate feedback to the
physician when an occlusion or stenosis case is
predicted.
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