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Simple Summary: Myxomatous mitral valve disease is dogs’ most common acquired heart disease.
The gold standard for its definitive diagnosis is echocardiography. This study aimed to develop a
tool that uses a quality of life survey, structured anamnesis, and physical examination to predict
the American College of Veterinary Internal Medicine classification stages. Accurately identifying
a patient’s stage is crucial to evaluating when treatment should be initiated and tailoring it to
their ACVIM stage. The study analysed 1011 dogs from 23 hospitals, and the results showed that
the majority of patients were successfully classified into the control group (healthy dogs), stage B
(dogs with a heart murmur but are asymptomatic), and stage C (dogs with heart failure). However,
efficient results were not obtained to differentiate between stage B1 (dogs with a heart murmur and
without heart enlargement) and stage B2 (dogs with a heart murmur and heart enlargement). Further
studies should be carried out to implement these techniques and improve their diagnostic value in
veterinary cardiology.

Abstract: Myxomatous mitral valve disease (MMVD) is a prevalent canine cardiac disease typically
diagnosed and classified using echocardiography. However, accessibility to this technique can be
limited in first-opinion clinics. This study aimed to determine if machine learning techniques can
classify MMVD according to the ACVIM classification (B1, B2, C, and D) through a structured
anamnesis, quality of life survey, and physical examination. This report encompassed 23 veterinary
hospitals and assessed 1011 dogs for MMVD using the FETCH-Q quality of life survey, clinical history,
physical examination, and basic echocardiography. Employing a classification tree and a random
forest analysis, the complex model accurately identified 96.9% of control group dogs, 49.8% of B1,
62.2% of B2, 77.2% of C, and 7.7% of D cases. To enhance clinical utility, a simplified model grouping
B1 and B2 and C and D into categories B and CD improved accuracy rates to 90.8% for stage B,
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73.4% for stages CD, and 93.8% for the control group. In conclusion, the current machine-learning
technique was able to stage healthy dogs and dogs with MMVD classified into stages B and CD in the
majority of dogs using quality of life surveys, medical history, and physical examinations. However,
the technique faces difficulties differentiating between stages B1 and B2 and determining between
advanced stages of the disease.

Keywords: anamnesis; clinical diagnosis; machine learning; predictive model; myxomatous mitral
valve disease; dog

1. Introduction

Myxomatous mitral valve disease (MMVD) is the most common heart disease in
dogs [1–3]. It accounts for up to 75% of all cardiovascular diseases in dogs, with an
exceptionally high prevalence in senior and small dog breeds, such as Cavalier King
Charles Spaniels (CKCS) [4,5]. MMVD significantly reduces life expectancy and quality
of life in affected dogs [6,7]. Early diagnosis and staging of this condition are essential to
determining the appropriate time to start therapy, achieving a better prognosis in most
dogs [8].

The American College of Veterinary Internal Medicine (ACVIM) developed a classifica-
tion system (stages A, B, C, and D) for MMVD, emphasising the importance of identifying
the disease’s severity and response to treatment [9]. Accurate and timely diagnosis is
typically based on a combination of ancillary tests, including thoracic radiography, elec-
trocardiography, and blood tests. Echocardiography is the most important clinical test to
confirm a definitive diagnosis [9,10]. However, it is not possible to classify patients solely
based on medical history and clinical signs, leading to misdiagnosis, especially when other
non-cardiac illnesses present similar signs [11–13].

Although highly effective in diagnosing MMVD and its progression, echocardiogra-
phy is only sometimes readily available due to the need for specialised equipment and
expertise [14]. Therefore, there is a need for user-friendly tools to assist general veteri-
narians in classifying MMVD, especially in cases where advanced diagnostic tests are
unavailable [15,16] and prompt action is crucial.

Machine learning techniques have gained recognition for their ability to analyse
extensive datasets, offering flexibility, and scalability compared to traditional biostatistical
methods, making them applicable to many tasks, such as risk stratification, diagnosis,
classification, and survival predictions [17]. Human cardiology has successfully used these
techniques to aid diagnosis and risk stratification [17,18]. However, their application in
veterinary cardiology, especially for patient consultation, is still in its early stages [19–21].
A previous study demonstrated the usefulness of quality of life surveys in predicting
outcomes in dogs with MMVD [22]. In addition, a recent study has shown the ability
of machine learning techniques to classify patients affected by MMVD using thoracic
radiographs [21].

The primary aim of this study was to assess the potential of a structured medical his-
tory complemented by a quality of life survey and physical examination analysed through
machine learning to assist in classifying MMVD at various stages in dogs. Moreover, the
purpose was to explore how owners perceive the disease in dogs with MMVD, even when
they are unaware of the specific cause behind their pets’ clinical signs.
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2. Materials and Methods

An observational, prospective, and multicentre clinical study was conducted across
twenty-three veterinary hospitals in Spain, Brazil, Argentina, Chile, and Costa Rica. All
participating veterinarians had at least five years of experience in veterinary cardiology,
further substantiated by postgraduate training in this specialised field (Ph.D. in cardiol-
ogy research, specialised accreditation in cardiology, International School of Veterinary
Postgraduate Studies (ISVPS) recognition, certificate in advanced veterinary cardiology
by the RCVS, and cardiology resident by the ACVIM residency programme authorised to
perform evaluations). Ethical approval was granted by the Animal Experimentation Ethics
Committee of CEU Cardenal Herrera University (Spain) under reference number CEEA
22/06.

A total of 1011 client-owned dogs were evaluated; 64 healthy dogs were integrated
into a control group; and 947 dogs with clinical findings of a left apical systolic murmur,
which was confirmed through echocardiography, were integrated into a MMVD group.
The inclusion criteria did not discriminate based on sex, breed, reproductive status, or body
weight. However, dogs younger than one year old were excluded. The patients’ owners
were fully informed about the nature of the study, and their written consent was obtained to
use their questionnaire responses and patient examination data for research purposes. The
inclusion criteria for both control and MMVD groups required that the owner complete the
FETCH-Q quality of life survey and that each dog be evaluated through history, physical
examination, and echocardiography.

The control group were animals evaluated prior to elective surgery did not present
clinical signs (absence of cardiorespiratory clinical signs, heart murmur, and systemic
or organ-related diseases) and did not receive any medication. The MMVD group were
dogs with the presence of a left-sided systolic heart murmur and were subsequently
classified according to the ACVIM guidelines after echocardiography and radiographic
examination (stage B1/B2/C/D). In particular, dogs previously treated or diagnosed
with MMVD were excluded from the study, and dogs with other structural cardiovascular
disorders (congenital, infectious, or degenerative) were also excluded from the study design.
However, the presence of other non-cardiovascular comorbidities was not considered an
exclusion factor due to the heterogeneous nature of the sample and the common occurrence
of comorbidities in patients with MMVD, along with the degenerative progression of
the disease.

At the time of completing the quality of life questionnaire, the owner of the patients
in the group with MMVD possessed only the knowledge that their dog exhibited a heart
murmur. Similarly, the sonographers conducting the echocardiography were aware that the
referral was based on the presence of a heart murmur but lacked information regarding the
anamnesis, physical examination, and specific stage according to the ACVIM classification.

A structured consultation comprised four distinct parts: a quality of life survey [7,22],
anamnesis, a comprehensive physical examination, and an echocardiography examina-
tion, all conducted on the same day and with the same patient. The patient’s medical
history was meticulously documented, and the owner was asked about specific clinical
signs in the previous two weeks, such as cough, dyspnoea, syncope, exercise intolerance,
hypoxia/anorexia, or weight loss. Furthermore, the owner completed the Spanish version
of the FETCH-Q quality of life survey [23]. A thorough physical examination encompassed
the assessment of heart rate (HR), respiratory rate (RR), and rectal temperature (RT). Dogs
were further categorised based on murmur grade, according to the I-VI system [24,25].
Body weight was recorded in kilograms, and the body condition score was assessed on
a scale of 1 to 9 [26]. Blood pressure was measured with the following devices (SunTech
Vet20, Bbraun Vet 25, and Vet30), according to ACVIM guidelines [27]. Five measurements
were taken, and the values of the two extremes were discarded. With the other three values,
a mean was obtained. One minute was allowed to elapse between measurements.
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To standardise echocardiographic measurements, all investigators possessed exten-
sive sonographer experience and adhered to predefined criteria [28]. Key measurements
included the assessment of the left atrium and ascending aorta diameter, enabling the cal-
culation of the left atrium/aorta ratio (LA/Ao). This ratio was determined from a 2D right
parasternal short-axis view during early ventricular diastole. Additional measurements
included left ventricular internal diameter in diastole (LVIDD) and normalised to body
weight (LVIDDN) using the formula: LVIDDN = LVIDD (cm)/weightˆ0.294 (kg) [29]. The
echocardiographic classification of mitral disease was conducted according to the ACVIM
criteria [9], categorising patients into stages B1, B2, C, and D. Additionally, the mitral valve
insufficiency (MINE score) was assessed [30]. According to the ACVIM guidelines for
the classification of MMVD, thoracic radiological studies were performed for the correct
diagnosis of the animals classified in stages C and D [9].

Echocardiographic data were collected using specialised veterinary cardiology equip-
ment equipped with appropriate probes and software [Philips Affinity 50C, (Amsterdam,
Netherlands); General Electric Vivid Iq, (Boston, MA, USA); Mindray Animalcare Vetus
7, (Shenzhen, China); and M8 and Canon a450, (Tokyo, Japan); with phased array probes
between 2.5 and 12 MHz), and a uniform protocol was followed for image acquisition.
Images were subsequently reviewed by the lead author (JEM) and a board-eligible Ameri-
can College of Veterinary Cardiology (YRD) member, with any substandard images being
excluded from analysis.

Statistical analysis was performed using the R software (version 4.3.0, R Core Team,
2023, Vienna, Austria). Descriptive statistics summarised animal history data and were
presented as mean ± SD, the number of observations, and percentages. Responses to the
FETCH-Q scale were analysed using the Likert package for R [31] and represented as Likert
plots. Univariate analysis was conducted to investigate differences in proportions between
categories using the chi-square test [32] and a one-way ANOVA test for quantitative
variables, with significance defined at p < 0.05.

Classification trees were developed using the rpart function of the rpart statistical
package [33] to predict the stage of mitral disease as classified by the ACVIM. This was
achieved using three approaches: (1) utilising the FETCH-Q survey, (2) relying on clinical
signs identified during the physical examination, and (3) combining the FETCH-Q survey
and physical examination findings. A minimum of 100 cases were required for a partition to
be performed. The analysis was conducted in two parts: first, for the five ACVIM categories
(A, B1, B2, C, and D), and second, a simplified model unifying categories B1 and B2 into
classes B, C, and D into category CD. Classification trees were visualised using the rpart.
plot function of the rpart.plot package [34].

Furthermore, data were analysed using the random Forest package [35], wherein 66%
of the data were used as a learning sample to construct a classification tree, with a minimum
of five observations per node. The remaining 33% of the data were treated as out-of-bag
data for evaluating the sensitivity and specificity of the classification tree. This process was
repeated 1000 times, and the weight of each ACVIM category was adjusted based on the
relative percentage frequency of cases analysed. Finally, sensitivity and specificity were
calculated by comparing observed results with those predicted by the classification forests,
utilising the caret package for R [36].

The authors have thoroughly and comprehensively reviewed the content of the article.
Additionally, the Grammarly assistant (standard version, 2023, San Francisco, CA, USA)
has scrutinised the writing of the article to ensure effective presentation of information and
to prevent spelling and grammatical errors in the English language.
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3. Results

The study encompassed 1011 dogs, comprising 482 females and 529 males, with a
median age of 12.0 years (range: 1.0 to 19.0 years) and a median body weight of 7.0 kg (range:
1.0 to 48.5 kg). The most represented breeds included crossbreeds (n = 371), Yorkshire
terriers (n = 128), Chihuahuas (n = 105), Maltese (n = 59), Poodles (n = 55), and Dachshunds
(n = 40), while other breeds accounted for the remaining dogs (n = 253). According to
the ACVIM classification criteria, 64 dogs fell into the control group, 273 in B1, 357 in
B2, 291 in C, and 26 in D. Tables 1 and 2 represent some demographic data separated by
ACVIM groups.

Table 1. Demographic data (sex, age, and body weight) of the control group (healthy dogs) and the
MMVD groups (ACVIM B1, B2, C, and D).

Control Group
(N = 64)

B1
(N = 273)

B2
(N = 357)

C
(N = 291)

D
(N = 26)

SEX M 36 (56.3%) 139 (50.9%) 175(49%) 121 (41.6%) 11 (42.3%)
F 28 (43.8%) 134 (49.2%) 182 (51%) 170 (58.4%) 15 (57.7%)

AGE (years)
Median

(Min, max) 6.0 (1.0, 16.0) 11.0 (2.0, 19.0) 12.0 (1.0, 18.0) 12.0 (5.0, 18.0) 12.8 (12.0, 17.0)

BODY WEIGHT (Kg)
Median

(Min, max) 13.2 (2.5, 48.5) 7 (1.0, 46.5) 7.5 (1.5, 47.5) 5.8 (1.5, 37.5) 12.8 (10.0, 17.0)

M: male; F: female.

Table 2. List of the more representative breeds in the control group (healthy dogs) and the MMVD
groups (ACVIM B1, B2, C, and D).

Control Group
(N = 64)

B1
(N = 273)

B2
(N = 357)

C
(N = 291)

D
(N = 26)

CROSSBREED 33 (51.6%) 101 (37.0%) 132 (37.0%) 93 (32.0%) 12 (46.2%)
BEAGLE 12 (18.8%) 8 (2.9%) 11 (3.1%) 8 (2.7%) 0 (0.0%)
YORKSHIRE TERRIER 5 (7.8%) 42 (15.4%) 40 (11.2%) 38 (13.1%) 3 (11.5%)
CHIHUAHUA 2 (3.1%) 23 (8.4%) 30 (8.4%) 50 (17.2%) 0 (0.0%)
MALTESE 0 (0.0%) 19 (7.0%) 14 (3.9%) 24 (8.2%) 2 (7.7%)
POODLE 0 (0.0%) 9 (3.3%) 20 (5.6%) 24 (8.2%) 2 (7.7%)
DACHSHUND 0 (0.0%) 11 (4.0%) 19 (5.3%) 10 (3.4%) 0 (0.0%)
MINIATURE
SCHNAUZER 0 (0.0%) 8 (2.9%) 9 (2.5%) 7 (2.4%) 1 (3.8%)

SHIH TZU 0 (0.0%) 11 (4.0%) 7 (2.0%) 5 (1.7%) 0 (0.0%)
COCKER SPANIEL 0 (0.0%) 3 (1.1%) 12 (3.4%) 5 (1.7%) 0 (0.0%)

Figures 1–3 illustrate the responses to the FETCH-Q questions across different ACVIM
stages. It is noteworthy that, with the exception of Q06, all inquiries demonstrated statis-
tically significant differences between groups. The observed variances imply a marked
elevation in response scores with increasing severity according to the ACVIM classification,
strongly suggesting a decline in quality of life.

Tables 3 and 4 provide insights into clinical signs and physical examination findings,
respectively, categorised by ACVIM classification. Significant differences emerged in the
proportion of various clinical indicators, including COUGH, DYSPNOEA, SYNCOPE,
EXERCISE INTOLERANCE, HYPOREXIA/ANOREXIA, WEIGHT LOSS, and MURMUR
GRADE. In general, clinical signs exhibited a progressive pattern of aggravation with
higher ACVIM stages. Notable differences were also observed in heart rate (HR), respi-
ratory rate (RR), and capillary refill time (CRT). However, no significant differences were
noted in systolic blood pressure (SBP), diastolic blood pressure (DBP), and median arterial
pressure (MAP).
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Figure 1. Likert representation of the answers for FETCH-Q and questions 1 to 7. Q1: “Does your
dog have difficulty breathing?”; Q2: “Does your dog cough?”; Q3: “Does your dog often breathe
very fast?”; Q4: “Does your dog snore when breathing?”; Q5: “Does your dog have difficulty in
recreation? (Playing fetch, running, playing with other dogs or you, etc.)?”; Q6: “Were your dog’s
favourite activities limited due to exercise restrictions by the veterinarian?”; Q7: “Does your dog sit
or lie down during walks? (Does not tolerate exercise)”.
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Figure 2. Likert representation of the answers for questions 8 to 13. Q8: “Does your dog have
difficulty going up and down stairs?”; Q9: “Has your dog had episodes of collapse or fainting
(syncope)?”; Q10: “Does your dog have difficulty getting comfortable? (At any time of the day).”;
Q11: “Does your dog have difficulty sleeping through the night?”; Q12: “Is your dog eating less than
he should, or has he been inappetent for the last few weeks?”; Q13: “Have you changed the type of
food your dog is willing to eat?”.
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Figure 3. Likert representation of the answers for questions 14 to 18. Q14: “Increased urinary
accidents in the house? (Urinating inside the house or where he should not)?”; Q15: “Has your dog
had vomiting episodes?”; Q16: “? Has your dog had any limitations in spending time with you and
the family (cannot get on the bed or sofa, avoids moving around, avoids bed or sofa, avoids moving)”;
Q17: “Has your dog become irritable or unwilling to be touched? (Behaviour change)”; Q18: “Is your
dog less active and vital?”.

Table 3. Correlation between the clinical signs reported during history and the ACVIM classification.

Control
Group

(N = 64)

B1
(N = 273)

B2
(N = 357)

C
(N = 291)

D
(N = 26)

Cough Yes 4 (6.3%) a 55 (20.1%) b 94 (26.3%) b 169 (58.1%) c 17 (65.4%) c

No 60 (93,8%) 218 (79.9%) 263 (73.7%) 122 (41.9%) 9 (34.6%)

Dyspnoea Yes 3 (4.7%) a 15 (5.5%) a 27 (7.6%) a 171 (58.8%) b 16 (61.5%) b

No 61 (95.3%) 258 (94.5%) 330 (92.4%) 120 (41.2%) 10 (38.5%)

Syncope Yes 1 (1.6%) ab 7 (2.6%) a 30 (8.4%) b 48 (16.5%) c 7 (26.9%) c

No 63 (98.4%) 266 (97.4%) 327 (91.6%) 243 (83.5%) 19 (73.1%)

Exercise Yes 1 (1.6%) a 13 (4.8%) a 36 (10.1%) b 100 (34.4%) c 14 (53.8%) c

Intolerance No 63 (98.4%) 260 (95.2%) 321 (89.9%) 191 (65.6%) 12 (46.2%)

Anorexia Yes 0 (0%) a 10 (3.7%) a 15 (4.2%) a 42 (14.4%) b 9 (34.6%) c

No 64 (100%) 263 (96.3%) 342 (95.8%) 249 (85.6%) 17 (65.4%)

Body weight loss Yes 0 (0%) a 5 (1.8%) a 6 (1.7%) a 19 (6.5%) b 8 (30.8%) c

No 64 (100%) 268 (98.2%) 351 (98.3%) 272 (93.5%) 18 (69.2%)
Data are presented as frequency tables. Classes with different letters are statistically different (p < 0.05).
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Table 4. Correlation between the physical examination and the ACVIM classification.

Control Group
(N = 64)

B1
(N = 273)

B2
(N = 357)

C
(N = 291)

D
(N = 26)

Murmur Yes 0 (0%) a 273 (100%) b 357 (100%) b 291 (100%) b 26 (100%) b

No 64 (100%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)

Murmur No 64(100%) a 0 (0%) b 0 (0%) c 0 (0%) d 0 (0%) e

grade 1 0 (0%) 18 (6.6%) 3 (0.8%) 0 (0%) 0 (0%)
2 0 (0%) 71 (26%) 28 (7.8%) 4 (1.4%) 1 (3.8%)
3 0 (0%) 124 (45.4%) 123 (34.5%) 30 (10.3%) 1 (3.8%)
4 0 (0%) 56 (20.5%) 143 (40.1%) 97 (33.3%) 5 (19.2%)
5 0 (0%) 4 (1.5%) 52 (14.6%) 141 (48.5%) 12 (46.2%)
6 0 (0%) 0 (0%) 8 (2.2%) 19 (6.5%) 7 (26.9%)

CRT >2 s 0 (0%) a 2 (0.7%) a 1 (0.3%) a 5 (1.7%) a 3 (11.5%) b

<2 s 64 (100%) 271 (99.3%) 356 (99.7%) 286 (98.3%) 23 (88.5%)

HR bpm 107 [60, 176] a 120 [60, 220] b 124 [55, 230] b 142 [60.0, 290] c 150 [85.0, 260] c

RR bpm 24.0 [12, 60.0] a 24.0 [15, 100] a 24.0 [12, 90.0] a 44.0 [16.0, 180] b 40.0 [24.0, 210] b

SAP mm Hg 136 [101, 187] a 134 [73, 206] a 130 [79, 224] a 140 [75, 210] a 135 [95, 154] a

DAP mm Hg 84.0 [48, 158] a 88.0 [48, 142] a 87.0 [51, 150] a 89.0 [36, 129] a 92.0 [60, 113] a

MAP mm Hg 95.0 [65, 163] a 98.0 [59, 147] a 95.0 [70, 166] a 98.0 [57, 148] a 107 [71, 120] a

RT ◦C 38.0 [37.0, 40.0] a 38.1 [35.4, 40.5] a 38.2 [36.7, 39.7] a 38.2 [35.0, 39.5] a 38.1 [36.6, 39.3] a

Data are presented as frequency tables and medians [minimum, maximum]. Classes with different letters are
statistically different (p < 0.05). CRT: capillary refill time. HR: heart rate. RR: respiratory rate. SAP: systolic arterial
pressure. DAP: diastolic arterial pressure. MAP: mean arterial pressure. RT: rectal temperature.

Figures 4 and 5 present the classification tree and the variable importance plot derived
from the random forest analysis for the FETCH-Q survey, respectively.

Similarly, Figures 6 and 7 depict the classification tree and variable importance plot
obtained from the random forest analysis for the anamnesis and the physical examination.

Figures 8 and 9 extend this analysis to include the FETCH-Q, the anamnesis, and the
physical examination.
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Figure 4. Classification tree for the model using the FETCH-Q. It represents the different selection
criteria or ‘decision nodes’ used to predict the most correct classification of the total number of dogs
(represented at the tree’s root as 100%). As the data are classified into subsets, the percentage value
represents the probability of a dog belonging to that data subset. ACVIM class D was unused due to
the few dogs recorded. Q1: “Does your dog have difficulty breathing?”; Q2: “Does your dog cough?”;
Q4: “Does your dog snore when breathing?”; Q7: “Does your dog sit or lie down during walks?
(Does not tolerate exercise).”; Q18: “Is your dog less active and vital?”.
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Figure 5. Variable importance plot of the first five variables for the model created using the FETCH-Q.
The random forest algorithm measures the importance of each variable in classifying the data. The
Mean Decrease Accuracy plot and Mean Decrease in the Gini coefficient help identify the variables
that contribute most to the homogeneity of nodes and leaves in the forest. Variables are ranked in
order of importance based on how much accuracy is lost when excluded. Q1: “Does your dog have
difficulty breathing?”; Q2: “Does your dog cough?”; Q3: “Does your dog often breathe very fast?”;
Q10: “Does your dog have difficulty getting comfortable? (At any time of the day)?”; Q18: “Is your
dog less active and vital?”.
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Figure 6. Classification tree for the anamnesis and the physical examination model. The classification
tree represents the different selection criteria or ‘decision nodes’ used to predict the most correct
classification of the total number of dogs (described at the tree’s root as 100%). As the data are
classified into subsets, the percentage value represents the probability of a dog belonging to that data
subset. ACVIM class D was unused due to the few dogs collected.

Table 5 summarises the model’s ability to correctly categorise dogs based on ACVIM
classification in the three analyses. Notably, combining the FETCH-Q scale and physi-
cal examination significantly improved classification accuracy compared to using each
component individually. In the combined model, the overall accuracy reached 0.64 (95%
CI: 0.609–0.669; p < 0.0001; Kappa’s Cohen: 0.489), whereas individual models yielded
accuracies of 0.484 (95% CI: 0.453–0.515; p < 0.0001; Kappa’s Cohen: 0.263) for the FETCH-Q
scale-only model and 0.599 (95% CI: 0.568–0.630; p < 0.0001; Kappa’s Cohen: 0.435) for
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the clinical signs-only model. In the complex model, 96.9% of the control group category,
49.8% of B1, 62.2% of B2, 77.2% of C, and 7.7% of D were correctly classified. Notably, B1
dogs were often confused with B2 (83.2% of B1 dogs misclassified as B2), and B2 dogs
were mistaken for B1 and C (57.0% of B2 dogs misclassified as B1 and 43.0% as C). Dogs in
category C were frequently misclassified as B2 (86.3%), and D tended to be confused with
C (87.5%).
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Figure 7. Variable importance plot of the first five variables for the model created using anamnesis
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Variables are ranked in order of importance based on how much accuracy is lost when excluded. RR:
respiratory rate; HR: heart rate.
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Table 5 summarises the model’s ability to correctly categorise dogs based on ACVIM 
classification in the three analyses. Notably, combining the FETCH-Q scale and physical 
examination significantly improved classification accuracy compared to using each com-
ponent individually. In the combined model, the overall accuracy reached 0.64 (95% CI: 
0.609–0.669; p < 0.0001; Kappa’s Cohen: 0.489), whereas individual models yielded accu-
racies of 0.484 (95% CI: 0.453–0.515; p < 0.0001; Kappa’s Cohen: 0.263) for the FETCH-Q 
scale-only model and 0.599 (95% CI: 0.568–0.630; p < 0.0001; Kappa�s Cohen: 0.435) for the 
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Figure 8. Classification tree for the model using the FETCH-Q, the structured anamnesis, and the
physical examination. The classification tree represents the different selection criteria or ‘decision
nodes’ used to predict the most correct classification of the total number of dogs (represented at
the tree’s root as 100%). As the data are classified into subsets, the percentage value represents the
probability of a dog belonging to that data subset. ACVIM class D was unused due to the few dogs
collected. Q2: “Does your dog cough?”; Q4: “Does your dog snore when breathing?”; Q18: “Is your
dog less active and vital?”.
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Figure 9. Variable importance plot of the first ten variables for the model created using the FETCH-Q,
the structured anamnesis, and the physical examination. The random forest algorithm measures the
importance of each variable in classifying the data. The Mean Decrease Accuracy plot and Mean
Decrease in the Gini coefficient help identify the variables that contribute most to the homogeneity
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difficulty breathing?”; Q2: “Does your dog cough?”.

Table 5. Classification matrixes of the complex models (echo-based classification). They illustrate
the accuracy of the models in correctly classifying dogs based on the ACVIM classification criteria.
Each row corresponds to an ACVIM class and displays the number of dogs classified into various
categories by the model. The ‘class error’ represents the percentage of misclassified dogs when
utilising the model.

FETCH-Q model

Control group B1 B2 C D Class error
Control group 2 56 3 3 0 97%

B1 2 143 84 44 0 48%
B2 0 126 138 93 0 61%
C 0 14 72 204 0 30%
D 0 0 3 21 2 92%

Physical examination model

Control group B1 B2 C D Class error
Control group 64 0 0 0 0 0%

B1 0 149 111 13 0 45%
B2 0 106 189 62 0 47%
C 0 20 68 201 2 31%
D 0 3 5 15 3 88%

FETCH-Q plus physical examination model

Control group B1 B2 C D Class error
Control group 62 1 0 1 0 3%

B1 0 136 114 23 0 50%
B2 0 77 222 58 0 38%
C 0 9 57 224 0 23%
D 0 1 2 21 2 92%

In the simplified model, which grouped categories B1 and B2 as B and C and D as CD,
an improvement in classification accuracy was evident. Specifically, 93.8% of the control
group, 90.8% of B, and 73.4% of CD were correctly classified, with 9.2% of B misclassified as
CD and 27.0% of CD misclassified as B (Table 6). The accuracy of this model reached 85.5%
(95% CI: 0.832–0.877; p < 0.0001; Kappa’s Cohen: 0.710). The regression tree and variable
importance plot for the simplified model are detailed in Figures 10 and 11.
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Table 6. Classification matrix of the simplified model (echo-based classification). Categories B1 and
B2 are grouped into category B, and categories C and D are grouped into category CD. The ‘class
error’ represents the percentage of misclassified dogs when utilising the model.

Simplified Model

Control Group B CD Class Error
Control group 60 3 1 6%

B 0 572 58 9%
CD 0 84 232 27%
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mation obtained can aid in the initial assessment of dogs with MMVD before confirmation 
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Figure 10. Classification tree for the simplified model using the FETCH-Q, the structured anamnesis,
and the physical examination. The classification tree represents the different selection criteria or
‘decision nodes’ used to predict the most correct classification of the total number of dogs (represented
at the tree’s root as 100%). As the data are classified into subsets, the percentage value represents the
probability of a dog belonging to that data subset. Q14: “Increased urinary accidents in the house?
(Urinating inside the house or where he should not)?”.
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Figure 11. Variable importance plot of the first ten variables for the simplified model created using
the FETCH-Q, the structured anamnesis, and the physical examination. The random forest algorithm
measures the importance of each variable in classifying the data. The Mean Decrease Accuracy plot
and Mean Decrease in the Gini coefficient help identify the variables that contribute most to the
homogeneity of nodes and leaves in the forest. Variables are ranked in order of importance based on
how much accuracy is lost when excluded. RR: respiratory rate; HR: heart rate; Q1: “Does your dog
have difficulty breathing?”; Q2: “Does your dog cough?”.
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4. Discussion

Traditionally, suspicion of MMVD in dogs has been described by veterinarians based
on the presence of a heart murmur and/or cardiorespiratory signs. Echocardiography is
the definitive diagnostic method and the preferred technique for categorising the severity
of the disease. The developed project has demonstrated adequate results to differentiate
between healthy animals and those with MMVD using machine-learning algorithms, which
use clinical history, a quality of life survey, and a physical examination. The information
obtained can aid in the initial assessment of dogs with MMVD before confirmation by
echocardiographic study. Furthermore, the technique allowed for capturing the owner’s
perspective on disease progression, contributing to a comprehensive understanding of the
disease [16].

The complex model correctly classified control dogs and stage C patients, achieving
96.9% and 77.2% accuracy, respectively. However, it needed support to accurately identify
the B groups, with only 49.8% of B1 and 62.2% of B2 patients correctly classified. Notably, a
significant proportion of misclassified B1 patients were categorised as B2 (83.2%), while
misclassified B2 patients were often mistaken for B1 (57.0%) or C dogs (43.0%). It can be
challenging to distinguish between B1 and B2 stages, as asymptomatic dogs with murmurs
characterise both, and to differentiate between advanced B2 and C stages, where dogs adapt
to cardiac enlargement to compensate for volume overload before developing congestive
heart failure [9]. In such cases, echocardiographic and radiographic diagnostics are often
necessary for differentiation [9,37]. The complexity of distinguishing between classes may
have led to classification difficulties for the machine learning algorithm. A simplified model
achieved a higher accuracy (90.8%) in classifying B dogs without distinguishing between B1
and B2. However, the ability to determine between stages B1 and B2 is essential in MMVD.
Patients definitively diagnosed as B2 according to the ACVIM consensus guidelines [9]
should begin chronic oral treatment with pimobendan in order to prolong the preclinical
period and delay the onset of clinical signs [6].

The algorithm also had difficulty distinguishing between stages C and D in the com-
plex model, with 87.5% of D dogs being misclassified as C. It is challenging to differen-
tiate between stages C and D of cardiac disease in dogs, as clinical signs largely overlap.
These clinical signs include tachypnoea, dyspnoea, hyporexia/anorexia, weight loss, and
cough [9]. In the simplified model, both categories were grouped.

In general, while anamnesis and physical examination contribute to staging, especially
for the control group and C dogs, that information could not distinguish B1 from B2 or C
from D dogs. However, the simplified model could differentiate effectively between the
control group, B, and C-D dogs.

The simplified model could differentiate between the control group, B, and CD patients
in the majority of dogs. With further development of the technique, this information
could prove advantageous for general veterinarians who may be deficient in advanced
cardiology expertise, as it may help them evaluate a patient with MMVD and determine
the need for urgent referral to a cardiology centre. Furthermore, this tool could improve
the cardiovascular evaluation of patients with MMVD without the risks of anaesthesia and
sedation necessary for accurate ACVIM classification based on thoracic radiography [9]
and, in certain geographic regions, could reduce radiation exposure to human operators.

An alternative set of simple tests has been suggested for diagnosing dogs with pre-
clinical stage MMVD (B2), including biomarker-based diagnostics and tailored therapeutic
management to avoid sedation for radiography [38]. Echocardiography, considered the
“gold standard”, requires specialised training [9] and has limited accessibility in first-
opinion practice. Although in this study, physical examination and history helped to
classify a dog with MMVD, according to the ACVIM guidelines. It would be a mistake
to start treatment without prior echocardiography. The importance of early detection
should be prioritised for referral to a specialist for dogs suffering from MMVD. This is
a fundamental part of the developed study because machine learning techniques do not
intend to replace echocardiography and the ACVIM guidelines for diagnosis in dogs but
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may be useful as an additional tool in the disease classification, when further developed
and studied.

Diagnostic methods based on artificial intelligence have recently been implemented
in canine MMVD [21]. In the research developed by Valente et al. (2023) [21], the ability
of machine learning techniques to assess the severity of MMVD from canine thoracic
radiographs was investigated. Radiological studies of 1242 dogs in different phases of the
disease were retrospectively analysed. The results in the study of the lateral radiological
views showed an AUC of 0.87, 0.77, and 0.88 for stages B1, B2, and C+ D, respectively. The
high accuracy of the algorithm in predicting the MMVD stage suggests that it could be
a helpful support tool in the interpretation of canine thoracic radiographs. The previous
artificial intelligence study determined that stage B1, C, and D dogs were better than stage
B2 dogs. As in the conducted study, the worst classification results were obtained for the
stage B2 dogs. The echocardiographic study and the radiological study of dogs in phase B2
are complex, with a great clinical variety among patients compared to animals classified as
B1, C, or D.

As MMVD advances, FETCH-Q scores typically rise, and owners’ responses to ques-
tions during the anamnesis process also increase as clinical signs emerge or worsen in
patients. These findings are consistent with previous studies [7,22]. The FETCH-Q survey
contributes to dog classification to varying degrees. FETCH-Q question responses differ
across the five ACVIM classes. The owner’s perception of their dog’s quality of life aligns
with their assessment within the ACVIM classification, supporting our hypothesis. The
responses obtained from the completion of a structured anamnesis through simple and
objective questions by dog owners have been shown to be a critical factor in assessing
cardiac diseases in primary veterinary care. The evaluation of the quality of life in dogs
with MMVD is essential, and tools like the FETCH-Q scale can be beneficial. However, a
conclusive diagnosis should consistently rely on support from imaging tests, particularly
thoracic radiography and echocardiography [7,22].

The significance of an entire medical history is well known in human medicine. An
adequate physical examination starts with a systematic patient history, which can improve
diagnostic precision [39]. However, new technologies, online consultations, and artificial
intelligence have disrupted this field [40,41].

Variances in clinical signs and physical examination outcomes across the groups
were observed. As the ACVIM stage increased, the clinical signs became more severe.
Hyporexia/anorexia and declining body condition were negative markers. These signs can
indicate possible congestive heart failure [6,12,42]. Also, there was a correlation between
poor outcomes and dyspnoea, cough, syncope, worsening body condition, and anorexia, as
indicated by previous studies [11,38,42–44].

The physical examination remains fundamental in the ACVIM classification, dis-
tinguishing the control group from B dogs based on the presence or absence of a heart
murmur [9]. A left apical systolic murmur is the initial clinical finding in MMVD pa-
tients [45,46]. The findings align with previous research, suggesting that murmur intensity
beyond III/VI often coincides with advanced stages of heart disease and may indicate an
increased risk of adverse outcomes [38,42,47].

The algorithm uses various physical examination variables to differentiate between
stages, including heart rate, respiratory rate, and capillary refill time. Heart rate variations
reflect how the sinus node responds to stimulation from the autonomic nervous system,
which regulates heart rate through sympathetic tone. As MMVD severity increases, heart
rate gradually rises, a trend confirmed by various studies [48–50], an observation confirmed
in this study. Physical activity and environmental stress can temporarily increase heart
rate [51].

Resting respiratory rate (RRR) is an easily measurable clinical parameter for clinicians
and pet owners, highlighting its importance. Healthy dogs typically exhibit a RRR below
40 breaths per minute (bpm) in a clinical scenario [52–54] and below 30 bpm at home [53].
Our findings are consistent with previous studies indicating an increase in respiratory rate
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from stage B2 to stage C [50,53]. Capillary refill time (CRT) is a simple tool to assess periph-
eral perfusion, circulatory stability, and hydration status [54,55]. Our study found that CRT
increased as MMVD progressed, which may indicate deteriorating haemodynamic [56]. In
human medicine, it is commonly used to assess critically ill patients with cardiopulmonary
pathologies [55]. CRT’s usefulness may be affected by inter-observer variability, and it is
recommended to be used in conjunction with other diagnostic tests [56–58].

There were no significant differences in systolic blood pressure measurements between
groups. Systemic hypertension can cause irreversible damage to organs, while systemic
hypotension can result in circulatory shock due to inadequate tissue perfusion [59,60]. A
decrease in systolic blood pressure with MMVD progression has been documented [6,60].
While the current study employed the same blood pressure measurement protocol, the
absence of significant findings between groups could be attributed to the individual vari-
ability among dogs, the level of excitement or relaxation exhibited by patients, the ease
of patient handling, and the relaxed and comfortable environmental conditions where
measurements were conducted.

While the study conducted provides valuable insights, it also carries limitations.
First, dogs were studied only once. Other studies follow up and observe variations over
time [6,12], making their data more robust by following a repeated measures model. Sec-
ond, despite the efforts made to establish consistent diagnostic criteria, the multicentre
approach of the study resulted in some subjectivity in collecting data from the physical
and echocardiographic examinations. Experienced veterinarians performed the echocardio-
graphic measurements, which an ACVIM board-eligible professional reviewed. However,
inter-observer variability in measurements may result in differences in specific measure-
ments, which could affect the ACVIM classification of a dog [60,61] and, consequently,
the accuracy of the machine learning algorithms. Third, the study included a diverse
dog population with different breeds, ages, and sizes, which was essential for developing
classification trees using machine learning techniques. Although many breeds are included
in this study, it is worth noting the absence of dogs from breeds with a high predisposi-
tion to the development of MMVD, such as the CKCS [4], which could affect the results
obtained. This may be due to the limited presence of CKCS in the countries where the
study was conducted, which may be a limiting factor of this study. The inclusion of this
breed in future studies may improve the results of our hypothesis. Concurrent diseases
were not excluded, which mirrors the reality of geriatric patients with multiple comorbidi-
ties. Fourthly, owners’ subjective assessments may have been influenced by concomitant
pathologies, his personal opinions and emotional state, and the dog’s clinical signs, making
it challenging to differentiate cardiac-related signs. Similar observations have been seen in
human patients with congenital heart disease and high anxiety levels [62] and in patients
who withhold medical information due to embarrassment or ignorance [63,64]. The efficacy
of machine learning techniques relies on proper pre-processing of data, precise training
of models, and refinement of systems [65]. These factors pose significant challenges that
require additional efforts to overcome. As such, exploring and implementing strategies that
address these challenges are crucial to enhancing the accuracy and reliability of machine
learning processes.

5. Conclusions

Machine learning techniques, based on a quality of life survey, clinical history, and
physical examination, can be helpful additional tools when approaching dogs with MMVD
in the first-opinion scenario. In most cases, the proposed model could classify healthy
dogs and patients in stages B and C, according to the ACVIM classification for MMVD.
However, it still faces difficulties differentiating between stages B1 and B2 and determining
the advanced stages of the disease, C and D. Furthermore, the FETCH-Q survey showed
that owners were aware of their dogs’ deterioration as MMVD progressed. To validate
the algorithms, conducting clinical prospective studies on patients at different stages of
MMVD would be necessary.



Vet. Sci. 2024, 11, 118 16 of 19

Author Contributions: J.E.-M. and J.I.R.: study design, analysis, and interpretation of data; drafting
of the manuscript; data analysis: J.I.R. and L.D., J.E.-M., J.I.R., J.A.M.-A., O.M.-U., Y.R.-D., J.I.M.,
A.C.-V. and L.G.-G.: revision of the manuscript. All authors participated in the discussion of the
results, corrected, read, and approved the final manuscript. All authors have read and agreed to the
published version of the manuscript.

Funding: The presented study was partially supported by the Research Institute of Biomedical and
Health Sciences (IUIBS) funds. Veterinaria FULP/ULPGC (SD-240/030/0026). J.I.M. was supported
by the “Grants for the financing of predoctoral contracts” program of the Universidad de Las Palmas
de Gran Canaria (PIFULPGC-2017-CCSALUD-3).

Institutional Review Board Statement: Data collection and storage were performed with owner
written consent, and the animal study protocol was approved by the Institutional Review Ethics and
Welfare Committee of CEU Cardenal Herrera University (Spain) with registered number CEEA 22/06
for animal studies.

Informed Consent Statement: Informed consent was obtained from all subjects (owners) involved in
the study.

Data Availability Statement: Data supporting the reported results can be sent to anyone interested
by contacting the corresponding author.

Acknowledgments: The authors would like to thank the 23 hospitals included in the study for
contributing to cases and carrying out this work.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Buchanan, J. Chapter 23: Prevalence of Cardiovascular Disorder. In Textbook of Canine and Feline Cardiology, 2nd ed.; Saunders

W.B.: Philadelphia, PA, USA, 1999; pp. 457–470. ISBN 0-7216-4044-3.
2. Bonnett, B.; Egenvall, A.; Hedhammar, Å.; Olson, P. Mortality in over 350,000 Insured Swedish Dogs from 1995–2000: I. Breed-,

Gender-, Age- and Cause-Specific Rates. Acta Vet. Scand. 2005, 46, 105. [CrossRef]
3. Egenvall, A.; Bonnett, B.; Hedhammar, Å.; Olson, P. Mortality in over 350,000 Insured Swedish Dogs from 1995–2000: II.

Breed-Specific Age and Survival Patterns and Relative Risk for Causes of Death. Acta Vet. Scand. 2005, 46, 121. [CrossRef]
[PubMed]

4. Borgarelli, M.; Haggstrom, J. Canine Degenerative Myxomatous Mitral Valve Disease: Natural History, Clinical Presentation and
Therapy. Vet. Clin. N. Am. Small Anim. Pract. 2010, 40, 651–663. [CrossRef]

5. Häggström, J.; Hansson, K.; Kvart, C.; Swenson, L. Chronic Valvular Disease in the Cavalier King Charles Spaniel in Sweden. Vet.
Rec. 1992, 131, 549–553. [PubMed]

6. Boswood, A.; Häggström, J.; Gordon, S.G.; Wess, G.; Stepien, R.L.; Oyama, M.A.; Keene, B.W.; Bonagura, J.; MacDonald, K.A.;
Patteson, M.; et al. Effect of Pimobendan in Dogs with Preclinical Myxomatous Mitral Valve Disease and Cardiomegaly: The
EPIC Study—A Randomized Clinical Trial. J. Vet. Intern. Med. 2016, 30, 1765–1779. [CrossRef] [PubMed]

7. Freeman, L.M.; Rush, J.E.; Farabaugh, A.E.; Must, A. Development and Evaluation of a Questionnaire for Assessing Health-
Related Quality of Life in Dogs with Cardiac Disease. J. Am. Vet. Med. Assoc. 2005, 226, 1864–1868. [CrossRef]

8. Häggström, J.; Höglund, K.; Borgarelli, M. An Update on Treatment and Prognostic Indicators in Canine Myxomatous Mitral
Valve Disease. J. Small Anim. Pract. 2009, 50, 25–33. [CrossRef]

9. Keene, B.W.; Atkins, C.E.; Bonagura, J.D.; Fox, P.R.; Häggström, J.; Fuentes, V.L.; Oyama, M.A.; Rush, J.E.; Stepien, R.; Uechi, M.
ACVIM Consensus Guidelines for the Diagnosis and Treatment of Myxomatous Mitral Valve Disease in Dogs. J. Vet. Intern. Med.
2019, 33, 1127–1140. [CrossRef]

10. Ljungvall, I.; Häggström, J. Chapter 251: Adult-Onset Valvular Heart Disease. In Textbook of Veterinary Internal Medicine, 8th ed.;
Elsevier Saunders: Amsterdam, The Netherlands, 2017; Volume 2, pp. 1249–1269. ISBN 9780323462143.

11. Borgarelli, M.; Savarino, P.; Crosara, S.; Santilli, R.A.; Chiavegato, D.; Poggi, M.; Bellino, C.; Rosa, G.L.; Zanatta, R.; Haggstrom, J.;
et al. Survival Characteristics and Prognostic Variables of Dogs with Mitral Regurgitation Attributable to Myxomatous Valve
Disease. J. Vet. Intern. Med. 2008, 22, 120–128. [CrossRef]

12. Boswood, A.; Gordon, S.G.; Häggström, J.; Wess, G.; Stepien, R.L.; Oyama, M.A.; Keene, B.W.; Bonagura, J.; MacDonald, K.A.;
Patteson, M.; et al. Longitudinal Analysis of Quality of Life, Clinical, Radiographic, Echocardiographic, and Laboratory Variables
in Dogs with Preclinical Myxomatous Mitral Valve Disease Receiving Pimobendan or Placebo: The EPIC Study. J. Vet. Intern.
Med. 2018, 32, 72–85. [CrossRef]

13. Mattin, M.J.; Brodbelt, D.C.; Church, D.B.; Boswood, A. Factors Associated with Disease Progression in Dogs with Presumed
Preclinical Degenerative Mitral Valve Disease Attending Primary Care Veterinary Practices in the United Kingdom. J. Vet. Intern.
Med. 2019, 33, 445–454. [CrossRef]

https://doi.org/10.1186/1751-0147-46-105
https://doi.org/10.1186/1751-0147-46-121
https://www.ncbi.nlm.nih.gov/pubmed/16261925
https://doi.org/10.1016/j.cvsm.2010.03.008
https://www.ncbi.nlm.nih.gov/pubmed/1481344
https://doi.org/10.1111/jvim.14586
https://www.ncbi.nlm.nih.gov/pubmed/27678080
https://doi.org/10.2460/javma.2005.226.1864
https://doi.org/10.1111/j.1748-5827.2009.00800.x
https://doi.org/10.1111/jvim.15488
https://doi.org/10.1111/j.1939-1676.2007.0008.x
https://doi.org/10.1111/jvim.14885
https://doi.org/10.1111/jvim.15390


Vet. Sci. 2024, 11, 118 17 of 19

14. Sargent, J.; Muzzi, R.; Mukherjee, R.; Somarathne, S.; Schranz, K.; Stephenson, H.; Connolly, D.; Brodbelt, D.; Fuentes, V.L.
Echocardiographic Predictors of Survival in Dogs with Myxomatous Mitral Valve Disease. J. Vet. Cardiol. 2015, 17, 1–12. [CrossRef]

15. Chetboul, V.; Athanassiadis, N.; Concordet, D.; Nicolle, A.; Tessier, D.; Castagnet, M.; Pouchelon, J.L.; Lefebvre, H.P. Observer-
dependent Variability of Quantitative Clinical Endpoints: The Example of Canine Echocardiography. J. Vet. Pharmacol. Ther. 2004,
27, 49–56. [CrossRef]

16. Oyama, M.A.; Rush, J.E.; O’Sullivan, M.L.; Williams, R.M.; Rozanski, E.A.; Petrie, J.-P.; Sleeper, M.M.; Brown, D.C. Perceptions
and Priorities of Owners of Dogs with Heart Disease Regarding Quality versus Quantity of Life for Their Pets. J. Am. Vet. Med.
Assoc. 2008, 233, 104–108. [CrossRef]

17. Ngiam, K.Y.; Khor, I.W. Big Data and Machine Learning Algorithms for Health-Care Delivery. Lancet Oncol. 2019, 20, e262–e273.
[CrossRef]

18. Quer, G.; Arnaout, R.; Henne, M.; Arnaout, R. Machine Learning and the Future of Cardiovascular Care JACC State-of-the-Art
Review. J. Am. Coll. Cardiol. 2021, 77, 300–313. [CrossRef] [PubMed]

19. Boissady, E.; Comble, A.D.L.; Zhu, X.; Abbott, J.; Adrien-Maxence, H. Comparison of a Deep Learning Algorithm vs. Humans for
Vertebral Heart Scale Measurements in Cats and Dogs Shows a High Degree of Agreement Among Readers. Front. Vet. Sci. 2021,
8, 764570. [CrossRef] [PubMed]

20. Jeong, Y.; Sung, J. An Automated Deep Learning Method and Novel Cardiac Index to Detect Canine Cardiomegaly from Simple
Radiography. Sci. Rep. 2022, 12, 14494. [CrossRef] [PubMed]

21. Valente, C.; Wodzinski, M.; Guglielmini, C.; Poser, H.; Chiavegato, D.; Zotti, A.; Venturini, R.; Banzato, T. Development of an
Artificial Intelligence-Based Method for the Diagnosis of the Severity of Myxomatous Mitral Valve Disease from Canine Chest
Radiographs. Front. Vet. Sci. 2023, 10, 1227009. [CrossRef] [PubMed]

22. Strunz, C.M.C.; Marcondes-Santos, M.; Takada, J.Y.; Fragata, F.S.; Mansur, A.D.P. Quality of Life Score as a Predictor of Death in
Dogs with Degenerative Mitral Valve Disease. Arq. Bras. Cardiol. 2017, 108, 347–353. [CrossRef] [PubMed]

23. Perez, J.M.; Alessi, C.; Kittleson, M.D.; Linares-Villalba, S.; Engel-Manchado, J. Psychometric Properties of the Spanish Version of
the Functional Evaluation of Cardiac Health Questionnaire “FETCH-QTM” for Assessing Health-Related Quality of Life in Dogs
with Cardiac Disease. Top. Companion Anim. Med. 2020, 39, 100431. [CrossRef]

24. Levine, S.A. Notes on the Gradation of the Intensity of Cardiac Murmurs. JAMA 1961, 177, 261. [CrossRef]
25. Rishniw, M. Murmur Grading in Humans and Animals: Past and Present. J. Vet. Cardiol. 2018, 20, 223–233. [CrossRef] [PubMed]
26. German, A.J.; Holden, S.L.; Moxham, G.L.; Holmes, K.L.; Hackett, R.M.; Rawlings, J. A Simple, Reliable Tool for Owners to Assess

the Body Condition of Their Dog or Cat. Am. Soc. Nutr. 2006, 136, 2031–2033. [CrossRef] [PubMed]
27. Acierno, M.J.; Brown, S.; Coleman, A.E.; Jepson, R.E.; Papich, M.; Stepien, R.L.; Syme, H.M. ACVIM Consensus Statement:

Guidelines for the Identification, Evaluation, and Management of Systemic Hypertension in Dogs and Cats. J. Vet. Intern. Med.
2018, 32, 1803–1822. [CrossRef] [PubMed]

28. Thomas, W.P.; Gaber, C.E.; Jacobs, G.J.; Kaplan, P.M.; Lombard, C.W.; Moise, N.S.; Moses, B.L. Recommendations for Standards in
Transthoracic Two-Dimensional Echocardiography in the Dog and Cat. Vet. Radiol. Ultrasound 1994, 35, 173–178. [CrossRef]

29. Cornell, C.C.; Kittleson, M.D.; Torre, P.D.; Häggström, J.; Lombard, C.W.; Pedersen, H.D.; Vollmar, A.; Wey, A. Allometric Scaling
of M-Mode Cardiac Measurements in Normal Adult Dogs. J. Vet. Intern. Med. 2004, 18, 311–321. [CrossRef]

30. Vezzosi, T.; Grosso, G.; Tognetti, R.; Meucci, V.; Patata, V.; Marchesotti, F.; Domenech, O. The Mitral INsufficiency Echocardio-
graphic Score: A Severity Classification of Myxomatous Mitral Valve Disease in Dogs. J. Vet. Intern. Med. 2021, 35, 1238–1244.
[CrossRef]

31. Bryer, J.; Speerschneider, K. Package ‘Likert’. 2016. Available online: https://CRAN.R-project.org/package=likert (accessed on
28 February 2024).

32. Ebbert, D. A Post Hoc Analysis for Pearson’s Chi-Squared Test for Count Data. 2022. Available online: https://CRAN.R-project.
org/package=chisq.posthoc.test (accessed on 28 February 2024).

33. Therneau, T.M.; Atkinson, E.J. An Introduction to Recursive Partitioning Using the RPART Routines. Rochester Mayo Found. 2022,
1, 1–60.

34. Milborrow, S. Plotting Rpart Trees with the Rpart.Plot Package. 2021. Available online: https://CRAN.R-project.org/package=
rpart.plot (accessed on 28 February 2024).

35. Liaw, A.; Wiener, M. Breiman and Cutler’s Random Forests for Classification and Regression 2022. Classification and Regression
by randomForest. R News 2002, 2, 18–22.

36. Kuhn, M.; Wing, J.; Weston, S.; Williams, A.; Keefer, C.; Engelhardt, A.; Cooper, T.; Mayer, Z.; Kenkel, B.; Team, R.C.; et al. Package
Caret: Classification and Regression Training 2022. Kuhn, M. Building Predictive Models in R Using the caret Package. J. Stat.
Softw. 2008, 28, 1–26. [CrossRef]

37. Lisciandro, G.R.; Lisciandro, S.C. Lung Ultrasound Fundamentals, “Wet Versus Dry” Lung, Signs of Consolidation in Dogs and
Cats. Vet. Clin. N. Am. Small Anim. Pract. 2021, 51, 1125–1140. [CrossRef]

38. Wilshaw, J.; Rosenthal, S.L.; Wess, G.; Dickson, D.; Bevilacqua, L.; Dutton, E.; Deinert, M.; Abrantes, R.; Schneider, I.; Oyama,
M.A.; et al. Accuracy of History, Physical Examination, Cardiac Biomarkers, and Biochemical Variables in Identifying Dogs with
Stage B2 Degenerative Mitral Valve Disease. J. Vet. Intern. Med. 2021, 35, 755–770. [CrossRef] [PubMed]

https://doi.org/10.1016/j.jvc.2014.11.001
https://doi.org/10.1046/j.0140-7783.2003.00543.x
https://doi.org/10.2460/javma.233.1.104
https://doi.org/10.1016/S1470-2045(19)30149-4
https://doi.org/10.1016/j.jacc.2020.11.030
https://www.ncbi.nlm.nih.gov/pubmed/33478654
https://doi.org/10.3389/fvets.2021.764570
https://www.ncbi.nlm.nih.gov/pubmed/34957280
https://doi.org/10.1038/s41598-022-18822-4
https://www.ncbi.nlm.nih.gov/pubmed/36008709
https://doi.org/10.3389/fvets.2023.1227009
https://www.ncbi.nlm.nih.gov/pubmed/37808107
https://doi.org/10.5935/abc.20170032
https://www.ncbi.nlm.nih.gov/pubmed/28380134
https://doi.org/10.1016/j.tcam.2020.100431
https://doi.org/10.1001/jama.1961.73040300014012
https://doi.org/10.1016/j.jvc.2018.06.001
https://www.ncbi.nlm.nih.gov/pubmed/30017853
https://doi.org/10.1093/jn/136.7.2031S
https://www.ncbi.nlm.nih.gov/pubmed/16772488
https://doi.org/10.1111/jvim.15331
https://www.ncbi.nlm.nih.gov/pubmed/30353952
https://doi.org/10.1111/j.1740-8261.1994.tb01588.x
https://doi.org/10.1111/j.1939-1676.2004.tb02551.x
https://doi.org/10.1111/jvim.16131
https://CRAN.R-project.org/package=likert
https://CRAN.R-project.org/package=chisq.posthoc.test
https://CRAN.R-project.org/package=chisq.posthoc.test
https://CRAN.R-project.org/package=rpart.plot
https://CRAN.R-project.org/package=rpart.plot
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.1016/j.cvsm.2021.07.012
https://doi.org/10.1111/jvim.16083
https://www.ncbi.nlm.nih.gov/pubmed/33645846


Vet. Sci. 2024, 11, 118 18 of 19

39. Masic, I.; Begic, Z.; Naser, N.; Begic, E. Pediatric Cardiac Anamnesis: Prevention of Additional Diagnostic Tests. Int. J. Prev. Med.
2018, 9, 5. [CrossRef] [PubMed]

40. Hatala, R.; Issenberg, S.B.; Kassen, B.; Cole, G.; Bacchus, C.M.; Scalese, R.J. Assessing Cardiac Physical Examination Skills Using
Simulation Technology and Real Patients: A Comparison Study. Med. Educ. 2008, 42, 628–636. [CrossRef] [PubMed]

41. Flugelman, M.Y. History-Taking Revisited: Simple Techniques to Foster Patient Collaboration, Improve Data Attainment, and
Establish Trust with the Patient. GMS J. Med. Educ. 2021, 38, Doc109. [CrossRef] [PubMed]

42. López-Alvarez, J.; Elliott, J.; Pfeiffer, D.; Chang, Y.-M.; Mattin, M.; Moonarmart, W.; Hezzell, M.J.; Boswood, A. Clinical Severity
Score System in Dogs with Degenerative Mitral Valve Disease. J. Vet. Intern. Med. 2015, 29, 575–581. [CrossRef] [PubMed]

43. Borgarelli, M.; Crosara, S.; Lamb, K.; Savarino, P.; Rosa, G.L.; Tarducci, A.; Haggstrom, J. Survival Characteristics and Prognostic
Variables of Dogs with Preclinical Chronic Degenerative Mitral Valve Disease Attributable to Myxomatous Degeneration. J. Vet.
Intern. Med. 2012, 26, 69–75. [CrossRef] [PubMed]

44. Häggström, J.; Boswood, A.; O’Grady, M.; Jöns, O.; Smith, S.; Swift, S.; Borgarelli, M.; Gavaghan, B.; Kresken, J.-G.; Patteson, M.;
et al. Effect of Pimobendan or Benazepril Hydrochloride on Survival Times in Dogs with Congestive Heart Failure Caused by
Naturally Occurring Myxomatous Mitral Valve Disease: The QUEST Study. J. Vet. Intern. Med. 2008, 22, 1124–1135. [CrossRef]

45. Häggström, J.; Kvart, C.; Hansson, K. Heart Sounds and Murmurs: Changes Related to Severity of Chronic Valvular Disease in
the Cavalier King Charles Spaniel. J. Vet. Intern. Med. 1995, 9, 75–85. [CrossRef]

46. Pedersen, H.D.; Häggström, J.; Falk, T.; Mow, T.; Olsen, L.H.; Iversen, L.; Jensen, A.L. Auscultation in Mild Mitral Regurgitation
in Dogs: Observer Variation, Effects of Physical Maneuvers, and Agreement with Color Doppler Echocardiography and
Phonocardiography. J. Vet. Intern. Med. 1999, 13, 56–64. [CrossRef]

47. Ljungvall, I.; Rishniw, M.; Porciello, F.; Ferasin, L.; Ohad, D.G. Murmur Intensity in Small-breed Dogs with Myxomatous Mitral
Valve Disease Reflects Disease Severity. J. Small Anim. Pract. 2014, 55, 545–550. [CrossRef]

48. Rasmussen, C.E.; Falk, T.; Zois, N.E.; Moesgaard, S.G.; Häggström, J.; Pedersen, H.D.; Åblad, B.; Nilsen, H.Y.; Olsen, L.H. Heart
Rate, Heart Rate Variability, and Arrhythmias in Dogs with Myxomatous Mitral Valve Disease. J. Vet. Intern. Med. 2012, 26, 76–84.
[CrossRef]

49. López-Alvarez, J.; Boswood, A.; Moonarmart, W.; Hezzell, M.J.; Lotter, N.; Elliott, J. Longitudinal Electrocardiographic Evaluation
of Dogs with Degenerative Mitral Valve Disease. J. Vet. Intern. Med. 2014, 28, 393–400. [CrossRef]

50. Boswood, A.; Gordon, S.G.; Häggström, J.; Vanselow, M.; Wess, G.; Stepien, R.L.; Oyama, M.A.; Keene, B.W.; Bonagura, J.;
MacDonald, K.A.; et al. Temporal Changes in Clinical and Radiographic Variables in Dogs with Preclinical Myxomatous Mitral
Valve Disease: The EPIC Study. J. Vet. Intern. Med. 2020, 34, 1108–1118. [CrossRef] [PubMed]

51. Valandro, M.A.; Pascon, J.P.E.; Pereira, D.T.P.; Mistieri, M.L.A. Exercise Training of Dogs with Myxomatous Valve Disease. Arq.
Bras. Med. Veterinária E Zootec. 2016, 69, 325–332. [CrossRef]

52. Schober, K.E.; Hart, T.M.; Stern, J.A.; Li, X.; Samii, V.F.; Zekas, L.J.; Scansen, B.A.; Bonagura, J.D. Effects of Treatment on
Respiratory Rate, Serum Natriuretic Peptide Concentration, and Doppler Echocardiographic Indices of Left Ventricular Filling
Pressure in Dogs with Congestive Heart Failure Secondary to Degenerative Mitral Valve Disease and Dilated Cardiomyopathy. J.
Am. Vet. Med. Assoc. 2011, 239, 468–479. [CrossRef] [PubMed]

53. Ohad, D.G.; Rishniw, M.; Ljungvall, I.; Porciello, F.; Häggström, J. Sleeping and Resting Respiratory Rates in Dogs with Subclinical
Heart Disease. J. Am. Vet. Med. Assoc. 2013, 243, 839–843. [CrossRef] [PubMed]

54. Chalifoux, N.V.; Spielvogel, C.F.; Stefanovski, D.; Silverstein, D.C. Standardized Capillary Refill Time and Relation to Clinical
Parameters in Hospitalized Dogs. J. Vet. Emerg. Crit. Car 2021, 31, 585–594. [CrossRef]

55. Mrgan, M.; Rytter, D.; Brabrand, M. Capillary Refill Time Is a Predictor of Short-Term Mortality for Adult Patients Admitted to a
Medical Department: An Observational Cohort Study. Emerg. Med. J. 2014, 31, 954. [CrossRef] [PubMed]

56. Pickard, A.; Karlen, W.; Ansermino, J.M. Capillary Refill Time. Anesth. Analg. 2011, 113, 120–123. [CrossRef]
57. Lobos, A.-T.; Menon, K. A Multidisciplinary Survey on Capillary Refill Time&colon; Inconsistent Performance and Interpretation

of a Common Clinical Test. Pediatr. Crit. Care Med. 2008, 9, 386–391. [CrossRef]
58. Brabrand, M.; Hosbond, S.; Folkestad, L. Capillary Refill Time. Eur. J. Emerg. Med. 2011, 18, 46–49. [CrossRef] [PubMed]
59. Petit, A.M.; Gouni, V.; Tissier, R.; Trehiou-Sechi, E.; Misbach, C.; Pouchelon, J.-L.; Lefebvre, H.P.; Chetboul, V. Systolic Arterial

Blood Pressure in Small-Breed Dogs with Degenerative Mitral Valve Disease: A Prospective Study of 103 Cases (2007–2012). Vet.
J. 2013, 197, 830–835. [CrossRef] [PubMed]

60. Visser, L.C.; Ciccozzi, M.M.; Sintov, D.J.; Sharpe, A.N. Echocardiographic Quantitation of Left Heart Size and Function in 122
Healthy Dogs: A Prospective Study Proposing Reference Intervals and Assessing Repeatability. J. Vet. Intern. Med. 2019, 33,
1909–1920. [CrossRef] [PubMed]

61. Wess, G.; Bauer, A.; Kopp, A. Echocardiographic Reference Intervals for Volumetric Measurements of the Left Ventricle Using the
Simpson’s Method of Discs in 1331 Dogs. J. Vet. Intern. Med. 2021, 35, 724–738. [CrossRef] [PubMed]

62. Karsdorp, P.A.; Kindt, M.; Rietveld, S.; Everaerd, W.; Mulder, B.J.M. Interpretation Bias for Heart Sensations in Congenital Heart
Disease and Its Relation to Quality of Life. Int. J. Behav. Med. 2008, 15, 232–240. [CrossRef] [PubMed]

63. Redelmeier, D.A.; Tu, J.V.; Schull, M.J.; Ferris, L.E.; Hux, J.E. Problems for Clinical Judgement: Obtaining a Reliable Past Medical
History. CMAJ Can. Med. Assoc. J. 2001, 164, 809–813.

https://doi.org/10.4103/ijpvm.IJPVM_502_17
https://www.ncbi.nlm.nih.gov/pubmed/29441182
https://doi.org/10.1111/j.1365-2923.2007.02953.x
https://www.ncbi.nlm.nih.gov/pubmed/18221269
https://doi.org/10.3205/zma001505
https://www.ncbi.nlm.nih.gov/pubmed/34651067
https://doi.org/10.1111/jvim.12544
https://www.ncbi.nlm.nih.gov/pubmed/25818211
https://doi.org/10.1111/j.1939-1676.2011.00860.x
https://www.ncbi.nlm.nih.gov/pubmed/22211523
https://doi.org/10.1111/j.1939-1676.2008.0150.x
https://doi.org/10.1111/j.1939-1676.1995.tb03276.x
https://doi.org/10.1111/j.1939-1676.1999.tb02166.x
https://doi.org/10.1111/jsap.12265
https://doi.org/10.1111/j.1939-1676.2011.00842.x
https://doi.org/10.1111/jvim.12311
https://doi.org/10.1111/jvim.15753
https://www.ncbi.nlm.nih.gov/pubmed/32200574
https://doi.org/10.1590/1678-4162-9230
https://doi.org/10.2460/javma.239.4.468
https://www.ncbi.nlm.nih.gov/pubmed/21838584
https://doi.org/10.2460/javma.243.6.839
https://www.ncbi.nlm.nih.gov/pubmed/24004231
https://doi.org/10.1111/vec.13088
https://doi.org/10.1136/emermed-2013-202925
https://www.ncbi.nlm.nih.gov/pubmed/24045049
https://doi.org/10.1213/ANE.0b013e31821569f9
https://doi.org/10.1097/pcc.0b013e3181728798
https://doi.org/10.1097/MEJ.0b013e32833b4fba
https://www.ncbi.nlm.nih.gov/pubmed/20512037
https://doi.org/10.1016/j.tvjl.2013.05.040
https://www.ncbi.nlm.nih.gov/pubmed/23838208
https://doi.org/10.1111/jvim.15562
https://www.ncbi.nlm.nih.gov/pubmed/31313382
https://doi.org/10.1111/jvim.16089
https://www.ncbi.nlm.nih.gov/pubmed/33675121
https://doi.org/10.1080/10705500802212916
https://www.ncbi.nlm.nih.gov/pubmed/18696318


Vet. Sci. 2024, 11, 118 19 of 19

64. Palmieri, J.J.; Stern, T.A. Lies in the Doctor-Patient Relationship: (Rounds in the General Hospital). Prim. Care Companion J. Clin.
Psychiatry 2009, 11, 163–168. [CrossRef] [PubMed]

65. Noorbakhsh-Sabet, N.; Zand, R.; Zhang, Y.; Abedi, V. Artificial Intelligence Transforms the Future of Health Care. Am. J. Med.
2019, 132, 795–801. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.4088/PCC.09r00780
https://www.ncbi.nlm.nih.gov/pubmed/19750068
https://doi.org/10.1016/j.amjmed.2019.01.017

	Introduction 
	Materials and Methods 
	Results 
	Discussion 
	Conclusions 
	References

