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Background: Vascular surgeons face complex decisions regarding revascularization of lower limbs of patients, for
which there is no decision support solution yet available.

Objective: Relying on Case-Based Reasoning approach, this paper addresses the issue of case retrieving in the
context of lower limb revascularization. To this end we propose a similarity measure based on relevant clinical
attributes selection and weighting. We analyze its performance for clinical decision support.

Method: Retrieval process is used to anticipate the success or failure of a revascularization strategy for a new
patient based on the surgical procedure outcome of similar past patient cases. Using clinical knowledge in Global
vascular Guidelines, cases were structured and formalized. They were described by several attributes reflecting
the patient risk estimation, limb pathology staging, localization of atherosclerotic lesions, vascular history and
revascularization type. To construct the similarity measure for lower limb revascularization CBR, three distance
metrics (Euclidean, Cosine and Heterogeneous), three attributes selection scenarios as well as two weighting
strategies were identified and compared.

Results: A case base of 17 patients was built and used to assess the relevance of the retrieval process
when predicting the long-term outcome of the revascularization procedure. Similarity measure showed good
performance and clinical relevance when using a heterogeneous distance with attributes and weights derived
from information in official guidelines, vascular history and type of revascularization.

Conclusion: By investigating and validating the similar cases retrieving process, we showed that CBR appears to
be a promising approach for clinical decision support in the context of lower extremity arterial disease.

adapted to each patient. To our knowledge, there is no clinical decision
support system dealing with revascularization of lower limbs.

Clinical Decision Support Systems (CDSS) raised interest in the
1990’s [1,2] when Electronic Health Records (EHR) appeared with the

1. Introduction

The Lower Extremities Arterial Disease (LEAD) due to atheroscle-
rosis, may lead to rest pain and ischemic wounds. The major risk of

LEAD is limb amputation. To prevent this evolution, revascularization
procedures of lower limb arteries may be required. Two main revas-
cularization surgeries are performed: endovascular surgery and open
surgery. These two strategies can be combined during the same pro-
cedure. The main issue for the vascular surgeon is to perform the best
strategy of revascularization for the patient to be treated adapted to its
symptomatology. A successful revascularization will reduce pain, aid
wounds healing and avoid amputation. LEAD patients are frail because
of their advanced age and multiple comorbidities. Consequently, sur-
geons need to evaluate in their decision-making scenarios the trade-off
between the invasiveness of revascularization and the long-term benefit

* Corresponding author.

objective of personalized care. Sutton et al. [1] define CDSS as system in-
tended to improve healthcare delivery by enhancing medical decisions
with targeted clinical knowledge, patient demographics and personal
health information. Several methodologies have been developed and
are currently employed in the field of CDSS [3] such as rule-based,
knowledge-based, Bayesian network, and neural network approaches.
However, some studies have indicated that clinicians may exhibit lim-
ited confidence in the latter method due to its perceived “black box”
effect [4]. Additionally, classical machine learning techniques necessi-
tate the availability of a substantial dataset for training purposes. Case
Based Reasoning (CBR) is a knowledge-based method that overcomes
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this challenge as it is close to physician reasoning [5]: the algorithm re-
trieves the most similar past cases to determine the solution to a new
patient. Indeed, it is assumed in CBR that “patients with similar symp-
toms will likely receive the same treatment with similar outcome”. To
identify similar cases, CBR relies on similarity measures, including se-
lected attributes that are weighted and distance metrics between cases.
Similarity measures in clinical field have been widely studied [6,7], us-
ing one type of data (time-series, images or numerical data). Multiplicity
of data types is often encountered with clinical data and it is the case
for LEAD context. This problem has been addressed in different clin-
ical domains [8-10]. Using a CBR approach, this paper addresses the
issue of case retrieving in the context of lower limb revascularization.
To this end we propose a similarity measure based on relevant clini-
cal attributes selection and weighting. We analyze its performance for
clinical decision support.

This paper is organized as follows. In the ‘Method’ section the se-
lection of attributes, the estimation of their relative importance and the
data formalization to build the case base are described. It also introduces
the Similarity Measure used to retrieve similar patients. In the Results
section, the evaluation of similarity measure is presented in terms of
attribute selection, weighting and distance metrics used. Then, the re-
trieval of similar cases for three patients is described in details.

2. Methods

To find a solution to a new case, the Case Based Reasoning (CBR)
algorithm relies on four steps applied to the case base: Retrieve the most
similar case(s), Reuse them, Revise if necessary their solution and Retain
the new case. A case, noted as C = {A, S}, withholds three elements:
A =|ay,...,a,] the list of attributes i.e. descriptors of the problem where
n is the number of attributes, .S the solution to solve the problem and R
the result of the problem resolution (success or failure of .S). Similarity
between cases can be defined as the degree of resemblance between two
problem descriptions. The similarity is measured between the attributes
of the new problem, C, called query case, and those of the solved cases
C. in the case base CB. It can be quantified in a variety of ways [5].

Selection of attributes and the data formalization are first described.
In a second part, we define how the similarity between patients can be
measured using either a distance metric (homogeneous similarity mea-
sures) or a combination of distance metrics (heterogeneous similarity
metrics). We then present the evaluation method of similarity measures
using different associations and weights of attributes.

2.1. Attributes selection and case formalization

Attribute selection depends deeply on the solution expected from the
CBR. In this study, we focus on the outcome after surgery which can be
useful to vascular surgeons to decide about the appropriate revascular-
ization type. Accordingly, the user tests a revascularization strategy to
predict its clinical outcome.

The similarity measure compares the lists of attributes Ac, and Ac ,
C, being a past solved case from the case base. To select the relevant
attributes with regards to decision making in revascularization proce-
dures, we use the official clinical recommendations published by the
Society of Vascular Surgery (SVS). In particular, the Global Vascular
Guidelines [11] propose a three-step integrated approach to improve
decision-making, clinical outcomes and cost-effectiveness in the treat-
ment of Chronic Limb-Threatening Ischaemia (CLTI). The PLAN concept
is based on the Patient risk estimation, the Limb staging and the ANatomic
pattern of disease. The PLAN concept is organized as shown in Fig. 1.

The ‘Patient Risk Estimation’ step, relies on clinical scales evaluating
the frailty of patients. We used in our study the Vascular Quality Initia-
tive (VQI) [12]. This questionnaire assesses the 30 perioperative days
survival and up to 2 years survival. The attributes available in the ret-
rospective database corresponding to the ‘Patient Risk Estimation’ step
are shown in Table 1.
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Fig. 1. Representation of the 3 steps of the PLAN concept.

Table 1
Predictors of Survival of the ‘Patient Risk Estimation’ step.
Attributes Name Type Domain
a, Age Numeric integer
a, Rest Pain or Tissue Loss Binary [0,1]
as Smoking status Ordinal [Never, Former,
Current]
a, Hypertension Binary [0,1]
as Ischemic Cardiopathy Binary [0,1]
ag Diabetes Ordinal [No, Yes, Yes
with complexity]
a; Chronic Obstructive Pulmonary Binary [0,1]
Disease (COPD)
ag Chronic Kidney Disease stage Ordinal [1,2,3,4,5]
ay Ambulatory Status Ordinal [Autonomous,
Cane or Walker,
Wheel Chair, Bed
bound]
ay Anti-hypertensive, statines, Binary [0,1]
anticoagulants)
ay; Statines Binary [0,1]
a;,  Anticoagulants Binary [0,1]
Table 2
Attributes of ‘Limb Staging’.
Attributes Type Domain
ap Wound grade Ordinal [0,1,2,3]
ay Ischemia grade Ordinal [0,1,2,3]
as foot Infection grade Ordinal [0,1,2,3]

The ‘Limb staging’ step requires the evaluation of the WIfI score [13].
This score entails measurements of the Wound, the severity of the Is-
chemia, and the stage of the foot Infection. Each of these three elements
is assigned a grade from O to 3 (grade 3 being the most severe). They
are used as attributes in the case base (Table 2).

The ‘ANatomic pattern of disease’ step evaluates the complexity of
revascularization specifically in endovascular technique, which relies on
anatomic characteristics of the patient and the lesion. As both open and
endovascular techniques are evaluated, our case description focuses on
the lesion localization (Table 3).

We define Lp; 4, a first list of attributes, that includes all attributes
given by the PLAN concept and shown in Tables 1, 2 and 3:

Lppan =lay,...,a,] with n=18. 1)

Existing guidelines may not be exhaustive and we identified at-
tributes based on clinical expertise unlisted previously. They are related
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Table 3
Attributes for ‘Anatomic Pattern of disease’.
Attributes Type Domain
a Femoropopliteal localization ~ Binary [0,1]
a;; Infrapopliteal localization Binary [0,1]
a;g  Upstream of the SFA Binary  [0,1]
Table 4
Additional attributes.
Attributes Type Domain

ay Dyslipidemia
a,,  Rythmic cardiopathy

Binary [0,1]
Binary [0,1]

ay, Overweight and Obesity Ordinal [No, Overweight,
Obesity]
ay, Clinical Frailty Score Ordinal [1,2,3,4,5,6,7,8,9]
a,;  Previous homolateral Ordinal ~ [No, Endovascular,
revascularization Open Surgery,
Both]
a,,  Previous controlateral Ordinal ~ [No, Endovascular,

revascularization Open Surgery,

Both]

ays Previous amputation on Binary [0,1]
homolateral limb

2% Previous amputation on

controlateral limb

Binary [0,1]

to patient’s previous vascular surgery history, body mass index, dyslipi-
demia, and general frailty. A survey was conducted among four vascular
surgeons of the same hospital with varying levels of experience. The de-
tailed results are presented in Appendix A, Fig. A.1. Table 4 summarizes
additional attributes.

A second list of attributes, Lp; 4 n4supp, is defined as follows:

Lpranssupp =lay,...,a,] with n=26. 2

The clinical decision is based on the patient and medical history.
Since, the technique chosen (endovascular or open surgery) has an im-
pact on the postoperative success, the Revascularization Type (RT) has
also to be considered as an attribute. The addition of RT to the second
list of attributes creates a third list of attributes Lp; 4y suppirr:

Lppantsuppirr = lay,...a,] with n =27, 3

with a,; the attribute ‘Revascularization Type’ (endovascular or open
surgery).

To sum-up, a past solved case is expressed as follows: C, = {A, S, }
and a query case C, = {A,}, with S the outcome of surgery and A the
list of attributes which can be one of the three following options:

Ay =Lprun
* Ay=Lprantsuprp
* A3=LprsNt+suppP+RT

The solution S, i.e. what is to be predicted, is the clinical success
of the revascularization procedure. Clinical success is defined as the ab-
sence of homolateral reintervention, the absence of a recommendation
for an homolateral amputation and perioperative survival. The occur-
rence of one of these events is considered a failure of the procedure. In
this study, the clinical outcome is observed 12 months after surgery. It
is represented as a binary variable categorized as either success or fail-
ure. S, is deduced from clinical outcome of retrieved similar patients
C,. At the end of a CBR cycle, the query case is completed C, = {4, S, }
and can be included in the case base or not (Retain step).

The case base used in this work is built from a retrospective database
of revascularization procedures performed between 2018 and 2020. This
dataset was collected from medical records [14] including examination
reports and results, consultation letters, hospitalization follow-up re-
ports, and prescriptions. Clinical information was formalized and trans-
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formed into structured attributes of Tables 1, 2, 3 and 4, ultimately
generating a CSV file. Patients with missing data are excluded from the
database, allowing for a complete case analysis.

As a result, the case base includes 17 complete patients, 10 men and
7 women, with a range of ages between 78 and 95 years old. The total
of variables is 75, with 34 attributes describing the query patient. Of
the 17 patients, 15 underwent endovascular surgery and 2 underwent
open surgery. There is a proportion of 52% success 12 months after
revascularization (9 patients) in our case base.

2.2. Similarity measure

Similarity is the function used for retrieving cases. If a case C, is
more similar to the new case than a case C, then the case C, is more
useful for the solution to apply. Similarity measure is derived from dis-
similarity, which is evaluated with weighted distance metrics.

Sim(C,, C,) =1-diss(C,, C,) “4)

where Sim(C,, C,) represents similarity between a query case C, and a
past solved case C, from the Case Base CB. diss(C,, C,) is the dissimi-
larity between the cases. Distance metrics usually considered in case of
homogeneous data are Euclidean (Equation (5) and Cosine distance (6)
expressed as follows:

n
i = 2
dlssEuclidean - Z wla, X (aq,i - ac,[) (5)
i=1

n
ijl wlu,» aq,iac,i
1-—
n 2 n 2
\/2,‘:1 Wy, ai % \/Zi:l Wi, i

with a,; and a,; respectively the i"" attributes value of the query case
C, and past solved case C,, n the total number of attributes and w;
1

©

dlssCosine =

weight of attributes defined in Equation (12).

In lower limb revascularization context, the clinical data is heteroge-
neous, encompassing not only numerical data (e.g. age) but also ordinal
data (e.g. chronic kidney disease stage) and binary data (e.g. Hyper-
tension). Heterogeneous distance metrics have been developed for this
purpose [8,15]. In this work we used an heterogeneous weighted sim-
ilarity measure constructed from different distance metrics depending
on the type of attributes [10]:

Z " w/a’_ d(aq,[7 ac,i)

. i=1
dlssHeterogeneous(qu Cc) =~ (7)

Z?w"i

where d(a, ;, a, ;) the distance between attributes a; for cases C, and C,.

q.i>

A guantitarive(aqi» ac ;- 1f a; is quantitative

d(aq’l-, a.;)= db,-na,y(aq’,-, ac;), if a; is binary (8)
dorainal(aq > ac ), if a; is ordinal
with
|aq,i - ac,il
dquantilatiue(aq,i’ ac,i) = W (9)
0,if a,;, =a,;
dbinary(aq,ivac,i) = { 1,if a::i # a::z for Aqi>8ci €[0,1] (10)
dordinal(aq,i’ ac,i) = O[aq,i][ac,i (11)
d,,qinas Telies on the definition of a distance matrix for each ordinal at-

tribute. The definition of each distance matrix consists in translating the
difference between two ordinal values into a distance (i.e. a numerical
value), based on vascular surgeons expertise. The distance matrices for
ordinal attributes are reported in the Appendix B.

There are several possibilities, to assign weights to attributes that re-
flect their relative importance. In this work we consider two weighting
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Fig. 2. Flow chart of the evaluation of the different test scenarios.

Algorithm 1 Case Retrieval Algorithm.

Input: CaseBase (table containing previous solved cases C, = {A,,S.}), C, (vector
containing the attributes of the query case C, = {A,}), kK (number of similar cases to
retrieve), type of dissimilarity (Euclidean, Cosine or Heterogeneous)
Output: Retrieved_Cases: list of the k most similar cases C, = {A,, .S, } with their solu-
tion (surgery outcome)
Initialize an empty table SimilarityT able
Initialize an empty list WeightsList
Assign WeightsList with weights w for each attributes (Equation (12))
for each case C, € CaseBase do
Dissimilarity < dissimilarity(C,, C,, W eightsList) (Equation (5), (6) or 7)
SimTable[C,] < 1 — Dissimilarity (Equation (4))
end for
Sort SimT able in descending order based on similarity scores
Retrieved_Patients < top k cases from SimT able
return Retrieved_Patients

approaches: uniform weights and weights derived from clinical knowl-
edge (PLAN concept). We assume that the importance of an attribute
depends on the step in which it is considered in the PLAN concept [11].
Each step / (Fig. 1) is assigned a weight w, and all attributes within a
given step are assigned the step weight. The weight w; (Eq. (12)) of an
attribute g; of the level / of the clinical decision tree is simply defined
as follows:

w;=1/L (12)

with L the total number steps of the PLAN concept.

As a result, the highest weights were assigned to the complexity of
the ‘ANatomic pattern of disease’ attributes in Table 3 (w,; = 1), fol-
lowed by the ‘Limb staging’ attributes in Table 2 (w, =2/3) and then

the ‘Patient Risk Estimation’ attributes in Table 1 (w, = 1/3). This is
consistent with [11] which states that the Anatomical Pattern of Dis-
ease is a dominant element for evidence-based revascularization. The
additional attributes (Table 4) were considered as part of ‘Patient Risk
Estimation’ step and thus inherited the weights of the attributes of this
step. The Revascularization Type is assigned the weight of the ‘ANatomic
pattern of disease’ step.

The retrieval process presented in this section is summarized by the
Algorithm 1. The dissimilarity function applied is one of the Equations
(5), (6), and (8). This algorithm was implemented in Python 3.6 on a
standard Linux PC. The retrieval of most similar cases takes less than a
second. It is therefore compatible with clinical use.

2.3. Evaluation

Similarity measures defined using different lists of attributes Lp; 45>
Lp;anssupp and Lp; snisuppirr> With uniform or knowledge-
derived weights, and with the use of different distance metrics (Equation
(4), (5) and (8)) are evaluated. The evaluation flow chart is shown in
Fig. 2. The leave-one-out method is employed: at each iteration, a pa-
tient is excluded from the case base and considered as the query patient
C,- Even if it is not used for retrieval process, S, is known and used for
evaluation. We assume that each case in the case base can be a query
case. For each C,, the closests patients C, are retrieved from the case
base.

The retrieval process is validated by comparing the solution of re-
trieved patients (outcome after surgery) .S, with the one of the query
patient S,. To assess the performance of the retrieval process, we use
two criteria: the ‘Retrieve-based criterion’ proposed in [9] and a clini-
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Fig. 3. Proportion of patient with at least one correct solution among the k most
similar patients retrieved.

1.0 :- —& 2 4 2 J
0.8
c
2 0.6+
S
Q
)
-
0.4 1
0.2 1
@ PN
LPLAN+SUPP
@ LPLAN+SUPP4RT
0.0 T T T T T
1.0 2.0 3.0 4.0 5.0

Number_k_retrieved

Fig. 4. Proportion of cases with at least one correct outcome among the k most
similar cases retrieved.

cal relevance criterion. The ‘Retrieve based criterion’ method requires
selection of most similar cases C,.. The cutoff is set to five similar cases
representing 30% of the case base. A similarity measure is considered
performant when among the k most similar retrieved patients (where
k € [1;5]) the correct solution appears at least once. The clinical rele-
vance is illustrated through three typical retrieved cases. It consists in
clinically interpreting the usefulness of the retrieved patients C, with
respect to the query patient C,.

3. Results

The results section provides a quantitative evaluation of the retrieval
process using the Retrieve-Based Criterion. Then, a clinical observation
analyses the retrieval process output for three patients.

3.1. Retrieve-based criterion

The retrieval process is evaluated under the following conditions:

« Distance metrics: The three different distance metrics compared are
Euclidean distance, Cosine distance and the heterogeneous dis-
tance.

« Attributes selection: The three lists of attributes compared are
Lprans Lpranysupp @and Lppansuppirr-

« Attributes weighing: The two weighting scenarios compared are uni-
form weights, and knowledge-derived weights.
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3.1.1. Distances metric

Similarity measures using three distance metrics with attributes of
Lp; an+supp+rr and knowledge-derived weights are compared. Fig. 3
illustrates the proportion of cases in which the correct solution S, (i.e.
the real outcome at 12 months post-surgery of C,) is found at least once
among the k most similar patients outcomes S, .

The Heterogeneous distance function demonstrated the greatest per-
formance, with 94% of C, cases presenting with the same solution as
the most similar case (k = 1). In comparison, Cosine distance function
reached 88% C, cases and Euclidean distance function 82%. In addi-
tion, the similarity measure using Heterogeneous distance requires a
minimum of two retrieved patients for all query cases C, to have the
correct solution among the retrieved patients. Whereas, the similarity
measure using Cosine distance function requires at least five patients to
find the correct solution and the similarity measure using Euclidean dis-
tance function more than five patients. The higher performance of the
heterogeneous distance could be explained by the use of specific dis-
tance metrics adapted to the attribute types.

3.1.2. Auributes selection

The analysis of clinical guidelines and the clinical expert sur-
vey has yielded three lists of attributes: Lp; sy, Lpran+supp and
Lp;an+suppirr- The objective is here to ascertain whether the ad-
dition of attributes enhances the efficacy of the retrieval process. Fig. 4
represents the results obtained with the three lists of attributes consid-
ering the heterogeneous distance and knowledge-derived weights.

All three conditions reach 100% of cases with at least the cor-
rect outcome S, once among the three most similar patients. The
first list achieving 100% with only two retrieved similar patients, is
Lp; an+supp+rr- The only difference between Lp; 4Ny sy ppyrr and
the two other lists is the inclusion of the revascularization procedure
type RT. The RT seems to improve the efficacy of the retrieval process.
The difference in performance between the Lp; 4n and Lp; snisupp
lies in the addition of attributes identified through surveys (see Table 4),
predominantly concerning vascular surgical history, in Lp; 4n4supp-
This list performs slightly less well than Lp; 4,5 when k= 1.

3.1.3. Attributes weighting

Fig. 5 illustrates the comparison of the similarity measures us-
ing two weighting strategies, the heterogeneous distance and the list
Lpran+suppirr- The objective of this comparison is to confirm that
the application of weights derived from clinical guidelines enhances the
efficacy of retrieval.

Both uniform weighting and knowledge-derived weighting reach
100% of C, cases retrieving the correct solution .S, with a minimum two
most similar patients retrieved. Nevertheless, a difference is observed
when only the most similar patient is retrieved (k = 1). The approach
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based on weights derived from the PLAN concept shows a better effi-
cacy: 94% of Cq cases (i.e. 15 cases) have a retrieved case with the
correct outcome compared to 82% for the uniform weighing strategy.

3.2. Clinical analysis of retrieval process

From the Retrieved-Based evaluation above, the similarity measure
that performs the best with our case base employs a heterogeneous dis-
tance on the list of attributes Lp; 4y, sy ppsrr and weights derived
from the PLAN concept. We propose a clinical analysis of this similar-
ity measure with the observation of three patients. The relevance of the
two most similar patients is assessed as the results showed that 100% of
C, cases have the correct solution among the retrieved patients when
k<2.

The CBR system is queried as follows: “Given the preoperative in-
formation A, of a query patient C, (see Tables 1, 2, 3 and 4), what
would be the outcome 12 months after a revascularization procedure?”
as illustrated Fig. 6.

We consider as the first Patient C, , a 94-year-old woman with a left
limb LEAD. The atherosclerotic lesion is located at the femoropopliteal
level (above the knee). A comparison of the two most similar patients
retrieved reveals a high degree of similarity in a number of preoper-
ative characteristics, including the presence of cardiopathies, absence
of diabetes, hypertension, and chronic kidney disease (CKD), as well as
the characteristics of wounds, the grade of ischemia, the location of the
atherosclerotic lesion, and the estimated procedure. The remaining dis-
crepancies relate to the preoperative weight, COPD and dyslipidemia.
The three patients underwent angioplasty at the femoropopliteal level.
The solution of the C, is similar to the two retrieved cases analyzed
with a positive outcome 12 months post-surgery.

The patient C, , aged 81 years, presents with an obstructive le-
sion at the infrapopliteal level (below the knee). The two patients with
the closest characteristics exhibit similarities in age, grade of ischaemia
and location, estimated procedure, hypertension, antiplatelet medica-
tion, diabetes, wounds and ambulatory status. The major discrepancies
relate to CKD, dyslipidemia, and cardiopathy. The 12-month postoper-
ative outcomes for the two most analogous patients were unsuccessful,
necessitating re-intervention on the same side. This outcome could be
indicative of a potential failure for the query patient B. Indeed, the query
patient C,, underwent angioplasty for the infrapopliteal lesion, which
also resulted in re-intervention, thus meeting the criteria for failure as
defined in this context.

The query patient C,. isa85years old male, with an obstructive le-
sion at the femoropopliteal level on the left limb. A comparison of the
two closest patients with our query patient C reveals similarities in the
presence of cardiopathies, medications, level of ischemia, overweight
status, absence of CKD, hypertension, and wounds. However, there are
differences in the estimated procedure: C, . underwent a bypass surgery
that necessitated a re-intervention within the 12 months after surgery.
This solution S isa failure. The most similar patient underwent a by-
pass surgery, which was successful at one and three months post-surgery
but necessitated a re-intervention within the year, with the same out-
come as C, . The second most similar patient underwent an angioplasty
to treat the femoropopliteal lesion, and it was a clinical success after 12
months.

This analysis confirmed the clinical relevance of the similarity mea-
sure considered performant: the retrieved cases solutions were consis-
tent with the query case solution. Also, the last case C, . gives an indi-
cation of the potential impact of the revascularization type RT on the
outcome.

In summary, the heterogeneous distance used for similarity measure-
ment showed superior efficacy on retrieving relevant cases with regards
to the outcome at 12 months post-surgery. Attribute selection revealed
that the PLAN-derived attributes completed with the attributes of vas-
cular history and revascularization type showed the best performance.
The clinical consistency of retrieval process of the three cases showed
promising relevance for the use of CBR-based decision support system.

4. Discussion

CBR-based CDSS could assist vascular surgeons in their decision mak-
ing by retrieving similar patients to a new one. In particular, this study
focuses on the estimation of the outcome 12 months after surgery. In
this context, following the formalization of a case description, a re-
trieval process was proposed for CBR-based decision support. These
preliminary results show that our approach could support clinicians in
anticipating long-term surgical outcomes by retrieving cases based on
a heterogeneous similarity measure adapted to the diversity of clinical
data types in lower limb revascularization.

Similarity measure using a heterogeneous distance seemed more per-
formant in retrieving similar past cases as it considers different attribute
types. This result is consistent with literature and confirms that the
distances between the different values of an ordinal attribute are non
uniform.
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Three lists of attributes were compared to analyze the influence of at-
tribute selection. The list comprising the largest number of attributes, in-
cluding the surgical procedure type, was the most effective in retrieving
similar patients. The results of the clinical expert survey showed that sur-
geons have different intuitions on impacts of additional attributes. For
example, the vascular history of the controlateral limb is differently con-
sidered among the surgeons. The results obtained with Lp; snysupp
(Fig. 4) seem to show that the impact of some attributes need to be con-
firmed through larger database.

This study compared two weighing strategies: uniform weights and
PLAN-derived weights. The results indicated that the PLAN-derived
weights exhibited superior performance. Indeed, the weights assigned
reflect the relative importance of attributes in relation to the question
of interest. Uniform weights did not yield inconsistent results neither.
One possible reason is that the PLAN-derived weights reflect impact of
attributes regarding the surgery itself and not the outcome 12 months
after surgery. Distance metric learning relying on a weight optimization
process could enhance the performance of the similarity measure. This
would necessitate in further works the building of a larger case base.

In the clinical analysis, three cases were detailed and their two most
similar patients retrieved. This analysis showed clinical relevance for
the proposed similarity measure. The patients C, et C,  had similar pa-
tients retrieved with consistent outcomes. The patient C, . underwent an
open surgery procedure, which resulted in a failure after 12 months. The
most similar patient retrieved showed the same outcome. The second
most similar patient retrieved, underwent an endovascular procedure
that resulted with a clinical success after 12 months. Both retrieved pa-
tients give an useful information for patient C, : when considering an
open surgery for patient C, ., the retrieved most similar patients could
help reconsidering the procedure.

Despite the current dataset size limitations, due to exclusion of miss-
ing data and consideration of a single surgical procedure per patient, we
managed to show consistency of the retrieval process proposed. It is nec-
essary to extend the present dataset to generalize the findings obtained
in this study. A larger case base could also propose a higher diversity
of cases (symptoms, revascularization method, descriptors of success).
For instance, the procedure outcome attributes could be described with
a higher granularity using the occurrence of different events. Moreover,
the addition of more precise attributes derived from angioscanners and
related to the localization of vascular lesions as well as attributes related
to wound evolution could also be considered.

In this preliminary study, we excluded missing data and proceeded
to a complete case analysis (CCA). However, missing data is a persistent
issue with clinical data. The question of clinical missing data imputation
has been extensively addressed in the literature [16-19]. These imputa-
tion methods require a larger cohort and to properly identify origin of
missing data.

Electronic Health Records (EHR) are utilized on a daily basis by clin-
icians to organize patients’ follow-ups. Consequently, for future devel-
opment of CBR-based CDSS, it is necessary to ensure the interoperability
with EHR systems to enrich the case base. To this end, we have initiated
the development of an Electronic Patient File application specifically
designed for vascular surgeons’ practice. The idea is to populate the
common EHR system of the hospital in a structured way while enrich
the case base. This approach aims to facilitate the automated patient
data collection by clinicians during consultations and hospitalizations.
This is a user-centered application that aligns its organization with hi-
erarchy of clinical patients data and aims to reduce missing data when
entering patient information.

We considered a single surgical procedure per patient in the case
base. However, it is acknowledged that LEAD pathology is a chronic
disease, with some patients undergoing multiple revascularization pro-
cedures for multiple lesions. The impact of the vascular history of patient
regarding the revascularization success should be assessed. It is also the
conclusion of the survey presented. Yet, to our knowledge no study
seems to propose a specific handling of the ‘recurring patients’. It is
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therefore necessary to confirm that the similarity measure remains con-
sistent in retrieving similar patients, that is to say, that the similarity
will not systematically retrieve the same patient for different symptoms
and different procedures.

5. Conclusion

We proposed a definition of a similarity measure adapted to lower
limb revascularization decision support, with the selection of distance
metrics, the selection of attributes and the estimation of attribute
weights. The evaluation of similarity measure showed good performance
and clinical relevance when using a heterogeneous distance on the list
of attributes Lp; 4n,suppirr and weights derived from the clinical
guidelines. CBR may be a promising method toward decision support in
every day practice for clinicians in revascularization of LEAD patients.
Future investigations on larger database and more exhaustive descrip-
tion of patients especially concerning the arterial anatomy could help
to bridge the gap toward a CBR-based clinical decision support system
for vascular surgery.

6. Summary table

What was known on this topic:

+ Vascular surgeons face complex decisions regarding revasculariza-
tion of lower limbs of patients, for which there is no decision sup-
port solution yet available.

« Case based reasoning has been shown to make relevant data readily
available to support decision in different application fields.

+ The performance of a CBR-based decision support system is closely
related to defining the appropriate similarity measure depending
on the case description and the decisional issue to be addressed.

What this study added to our knowledge:

« The description of patient cases with lower extremity arterial dis-
ease is formalized and structured from global vascular guidelines
and expert knowledge.

« A case retrieving process adapted to CBR based decision support for
lower limb revascularization is proposed.

« The performance of the proposed similarity measure is analyzed
and shown based on relevant clinical attributes selection and
weighting.
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Appendix A. Selection of additional attributes

Fig. A.1 presents the results of the clinical survey evaluating the in-
fluence of additional attributes.

Existing

® No impact Low impact @ High impact

impact
Dyslipidemia =
Rythmic cardiopathy =
Overweight & obesity
Clinical Frailty
Previous homolateral angioplasty

Previous controlateral angioplasty

Previous controlateral stenting =

Previous homolateral stenting

Previous homolateral bypass

Previous controlateral bypass

Previous homolateral endarteriectomy

Previous controlateral endarteriectomy
Previous minor homolateral amputation —
Previous minor controlateral amputation |s—
Previous major homolateral amputation

Previous major controlateral amputation C

—

=]
Previous endovascular surgery upstream of the SFA _
—)

Previous open vascular surgery upstream of the SFA
100% 09% 100%

Fig. A.1. Clinical survey with four experts evaluating the influence of additional
attributes on outcome.

Appendix B. Ordinal attributes matrices

Ordinal distance relies on the definition of distance matrices for each
ordinal attribute. Vascular surgeons quantified the spread between or-
dinal values based on their expertise. The ordinal distance matrices
as reported in Tables B.1 to B.6. As an example in Table B.1, the at-
tribute a,, ‘Overweight and Obesity’ contains three possible values: ‘No’,
‘Overweight’, ‘Obesity’ (depending on the Body Mass Index (BMI) of the
patient). The Distance between two patients without overweight and
over-weighted is more important than the distance between a patient
over-weighted and a patient with obesity.

Table B.1

Distance matrix for ‘Overweight’ possible val-

ues.
X No Overweight  Obesity
No 0.0 0.75 1
Overweight 0.75 0.0 0.25
Obesity 1 0.25 0

Table B.2

Distance matrix of ‘Smoking status’ possible values.

X No Deprived ~ Current smoker
No 0.0 0.75 1

Deprived 0.75 0.0 0.25

Current smoker 1 0.25 0
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Table B.3
Distance matrix of ‘Chronic Kidney Disease grade’ possible values.
X Grade 1 Grade 2 Grade 3 Grade 4 Grade 5
Grade 1 0 0.25 .0.4 0.8 1
Grade 2 0.25 0 0.25 0.5 0.75
Grade 3 0.5 0.25 0 0.3 0.5
Grade 4 0.8 0.5 0.3 0 0.2
Grade 5 1 0.75 0.5 0.2 0
Table B.4
Distance matrix of ‘Ambulatory status’ possible values.
X Autonomous  Cane or Walker ~ Wheel chair ~ Bed bound
Autonomous 0 0.4 0.9 1
Cane or Walker 0.4 0 0.5 0.6
Wheel chair 0.9 0.5 0 0.1
Bed bound 1 0.6 0.1 0
Table B.5

Distance matrix of ‘Diabetes status’ possible values.

X Not concerned Diabetes Diabetes with
complications
Not concerned 0 0.8 1
Diabetes 0.8 0 0.2
Diabetes with 1 0.2 0
complications
Table B.6

Distance matrix of ‘Previous vascular surgery’ (homolateral and contro-
lateral) possible values.

X Not concerned  Endovascular ~ Open Surgery  Both

Not concerned 0 0.4 0.8 1

Endovascular 0.4 0 0.2 0.6

Open Surgery 0.8 0.2 0 0.2

Both 1 0.6 0.2 0
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