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ABSTRACT

Aim: Many predictive clinical tests are used together for preoperative detection of patients
with difficult airway risk. In this study, we aimed to predict difficult intubation with different
artificial intelligence algorithms using various clinical tests and anthropometric measurements,
besides, to evaluate the accuracy performance of Cormack and Lehane (C-L) classification
with artificial intelligence.

Material and Methods: This study was conducted as a single-blind prospective observational
study between 2016 and 2019. A total of 1486 patients with American Society of
Anesthesiologists physical status I-111, scheduled to undergo elective surgery and requiring
endotracheal intubation, were included. Demographic variables, clinical tests and
anthropometric measurements of the patients were recorded. Difficult intubation was evaluated
using the 4-grade C-L system according to the easy and difficult intubation criteria. Difficult
intubation was tried to predict using 16 different artificial intelligence algorithms.

Results: The highest success rate among artificial intelligence algorithms was obtained by the
RandomForest method. With this method, difficult intubation was predicted with 92.85%
sensitivity, 96.94% specificity, 93.69% positive predictive value and 96.52% negative
predictive value. C-L classification accuracy performance also determined as 95.60%.
Conclusion: Artificial intelligence has been considerably successful in predicting difficult
intubation. Besides, C-L classifications of easy and difficult intubated patients were
successfully predicted with artificial intelligence algorithms. Using a 6-grade modified C-L
classification for laryngeal view may provide stronger difficult intubation prediction. A safer
and more potent prediction in training artificial intelligence can be achieved by adding
individual differences and clinical features that support the definition of difficult intubation.
Keywords: Tracheal intubation prediction; difficult intubation; artificial intelligence;
Cormack-Lehane; intubation, anesthesia.
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Amag: Zor hava yolu riski olan hastalarin preoperatif tespiti igin birgok prediktifklinik test birlikte
kullanilmaktadir. Bu ¢aligmada, gesitli klinik testler ve antropometrik dlgtimler kullanarak farkls
yapay zeka algoritmalari ile zor entiibasyonun tahmin edilmesi, ayrica Cormack ve Lehane (C-L)
smiflandirmasmin dogruluk performansinin yapay zeka ile degerlendirilmesi amaglanmustir.
Gereg ve Yontemler: Bu calisma, 2016 ve 2019 yillar1 arasinda tek kor prospektif gozlemsel bir
calisma olarak gerceklestirildi. Elektif cerrahi planlanan ve endotrakeal entiibasyon gerektiren,
Amerikan Anesteziyologlar Dernegi fiziksel durumu I-111 olan toplam 1486 hasta dahil edildi.
Hastalarin demografik degiskenleri, klinik testleri ve antropometrik 6l¢timleri kaydedildi. Zor
entiibasyon 4 dereceli C-L sistemi ile kolay ve zor entiibasyon kriterlerine gére degerlendirildi.
Zor entlibasyon, 16 farkli yapay zeka algoritmasi kullanilarak tahmin edilmeye ¢alisildi.
Bulgular: Yapay zeka algoritmalari arasinda en yiiksek basari oran1 RandomForest yontemi
ile elde edilmistir. Bu yontemle zor entiibasyon %92,85 duyarlilik, %96,94 6zgiilliik, %93,69
pozitif 6ngorii degeri ve%96,52 negatif 6ngorii degeri ile tahmin edildi. C-L simiflandirmasi
dogruluk performans: ise %95,60 olarak belirlendi.

Sonug¢: Yapay zeka, zor entiibasyonu tahmin etmede oldukca basarili olmustur. Ayrica yapay
zeka algoritmalart ile kolay ve zor entiibe hastalarin C-L siniflandirmalart basariyla tahmin
edilmigtir. Laringeal goriiniim igin 6 dereceli modifiye C-L siniflandirmasi kullanmak, daha
giiclii zor entlibasyon tahmini saglayabilir. Yapay zeka egitiminde daha giivenli ve daha giiglii
bir tahmin, zor entiibasyon tanimini destekleyen bireysel farkliliklar ve klinik 6zellikler
eklenerek elde edilebilir.

Anahtar kelimeler: Trakeal entiibasyon tahmini; zor entiibasyon; yapay zeka; Cormack-
Lehane, entiibasyon, anestezi.
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INTRODUCTION

Airway management is the most important clinical skill
that anesthesiologists must append. Although major
complications are rare during airway management, they
are among the most life-threatening causes in medicine (1).
This status may lead to major financial medical cases
accompanied by catastrophic sequelae such as irreversible
brain injury and death (1-4). There is a lack of reliable
information about the frequency and nature of major
adverse events related to airway management (3). In the
UK, airway and respiratory complications have been
reported to account for 12% of anesthesia-related claims
but, these were described to account for 53% of deaths,
27% of the cost, and 10 of the 50 most costly claims (2).
Successful intubation is not always possible due to the
patient’s anatomical features and systemic diseases.
Although the incidence of difficult intubation varies between
1-13%, severe intubation difficulty is generally encountered
in 2-3% of patients. Preoperative evaluation can help to
identify the difficulty of intubation and take the necessary
precautions to deal with the problem. The real danger and
risk are that the intubation difficulty is unpredictable (5).
The unpredictable difficult airway is still a serious cause
of concern (6). Published algorithms for unexpected
difficult or failed tracheal intubation management, devices
such as gum elastic bougie, videolaryngoscope and
fiberoptic bronchoscope are widely used (7,8). However,
the unpredictable difficult airway can lead to significant
complications and up to 30% of anesthesia-related deaths
(6). Several clinical tests and anthropometric features have
been identified during preoperative evaluation to find safe
airway management strategies (e.g. Modified Mallampati
test [MMT], sternomental distance [SMD], thyromental
distance [TMD] and neck circumference). However, the
accuracy of difficult intubation prediction is not possible
with the evaluation of a single parameter but can be
improved by evaluating many other parameters (5,6,9-15).
Acrtificial intelligence is currently used in many fields of
medicine to create programs that can perform clinical
diagnostic procedures and offer treatment
recommendations (16,17). For the literature review, we
asked the question “Can artificial intelligence help us
predict difficult intubation?”. In fact, there was insufficient
published literature to provide this answer.

The main aim of our study is to predict difficult intubation
with different artificial intelligence algorithms using
various clinical tests and anthropometric measurements.
Our second aim is to evaluate the accuracy performance of
Cormack and Lehane (C-L) classification with artificial
intelligence.

MATERIALS AND METHODS

Study Design and Ethical Considerations

This single-blind prospective observational study was
conducted after the approval of the Ethics Committee of
Kirgehir Ahi Evran University (21.09.2016, 10/02;
11.12.2019, 01/01). We planned our research according to
current Helsinki guidelines. Before starting the study, we
informed the volunteers about the research and received
their signed informed consent.

Patients, Inclusion and Exclusion Criteria

This study included 1486 patients with American
Anesthesiologists Association (ASA) physical status I-111,
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aged 18-70 years who were scheduled to undergo elective
surgery and requiring endotracheal intubation between
2016 and 2019 at Kirsehir Ahi Evran University Training
and Research Hospital.

We defined two groups as easy intubation group and
difficult intubation group. Intubation was considered as
easy when it was performed at the first intubation attempt
without the use of any additional intubation aid. Intubation
was considered as difficult when there was a need for a
gum elastic bougie and/or three or more attempts and/or
any additional intubation aid in patients with C-L grades 3
or 4. If the trachea could not be intubated after three
attempts at least, it was considered as a failed intubation.
Failed intubation patients were included in the difficult
intubation group. It was aimed to strengthen artificial
intelligence learning. The selection of patients was
described in the flow diagram (Figure 1).

Patients with significant head and neck anomalies, history
of cervical spine surgeries, cardiac surgery, facial surgery,
no incisors, neuromuscular diseases, and uncooperative
patients were excluded from the study. Patients with C-L
grade 1 and 2 laryngeal views were excluded from the easy
intubation group if there was a rigid stylet, cricoid
pressure, and blade replacement during intubation.
Because, according to our definition of easy intubation, it
is accepted as easy intubation when performed at the first
intubation attempt without using any additional intubation
assistance.

Enrollment
Assessed for eligibility (n=1752)

Excluded (n=266)

Not meeting inclusion criteria (n=252)
(head and neck anomalies, history of]
cervical spine surgeries, cardiac
surgery, facial surgery, no incisors,
neuromuscular diseases,
uncooperative patients)
Declined to participate (n=14)

Included in the intubation procedure (n=1486)

Excluded
Not meeting inclusion criteria
C-L grade 1 (n=0) M
C-L grade 2 (n=161)
(rigid stylet, cricoid pressure, and

Excluded
Not meeting inclusion criteria
C-L grade 3 (n=0)
C-L grade 4 (n=0)

blade replacement)

[ |
Easy intubation group (n=1213) Difficult intubation group (n=112)
C-L grade 1 (n=1105) C-L grade 3 (n=110)
C-L grade 2 (n=108) C-L grade 4 (n=2)

Excluded
C-L grade 1 (n=984)
C-L grade 2 (n=0)

Artificial Intelligence Analysis

I |
Analyzed Analyzed
C-L grade 1 (n=121) C-L grade 3 (n=110)
C-L grade 2 (n=108) C-L grade 4 (n=2)

Figure 1. Flow diagram of study
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Age, sex, height, weight, body mass index, ASA physical
status, pregnancy and diabetes mellitus data of patients
were recorded during their preoperative visits. Clinical
tests and anthropometric measurements (MMT, upper-lip
bite test, mouth opening, TMD, SMD, neck circumference,
head circumference, neck length, atlanto-occipital joint
movement, horizontal mandible length and bigonial width)
were recorded by the investigator in charge before the
operation.

The patients were evaluated as easy and difficult
intubation. Then, the data obtained were taken to the stage
of analysis with artificial intelligence. For artificial
intelligence learning, analysis of a similar number of
patients from C-L grade 1,2,3,4 groups is required. Due to
the nature of the study, the number of patients with C-L
grade 1 was high. Therefore, patients in the easy intubation
group were excluded using a computer-generated random
number list. It was paid attention that the number of
patients in the C-L grade 1 group was not less than the
number of the patients in the C-L grade 1 and 2 groups.
Because the number of individuals with C-L grade 1 in the
natural distribution is higher in the population.

Predictive Clinical Tests and Anthropometric Measurements
For anthropometric measurements, depth gauge (0-6 inch,
0-150 mm, ASIMETO® Electronic Depth Gauge) with a
standard error of 0.01, standard 12-inch plastic goniometer
and flexible tape measure were used.

Airway assessment tests and anthropometric measurements
for each patient were defined as follows (Figure 2):
Modified Mallampati Test: It is used to determine difficult
intubation (18). When the patient was in the sitting position,
he was asked to open his mouth as wide as possible and to
protrude his tongue as much as possible without phonation.
The observer sitting at eye level examined the pharyngeal
structures with a light source. According to the examination
they were evaluated in four degrees as follows (5,19).

e Class I: Uvula, soft palate, tonsils, anterior and
posterior pleats are easily visible

e Class II: Uvula and soft palate are visible

e Class Ill: Soft palate and uvula base are visible

e Class IV: Uvula is completely covered by tongue root,
soft palate cannot be seen, the hard palate is visible

Sternomental Distance: It was measured as the distance
between the upper limit of the manubrium stern and the
mental protuberance in the supine position when the head
is in full extension and the mouth is closed.

Thyromental Distance: The distance between the superior
thyroid notch and mental protuberance was measured in
the supine position, while the head is in full extension and
the mouth is closed (5,20).

Mouth Opening: The patient was asked to open his mouth
as much as possible with the head in the neutral position
while sitting and the distance between the upper and lower
incisors was measured (15).

Upper-Lip Bite Test: The patient’s ability to bite his
upper-lip with his lower incisors was evaluated in three
degrees while he was in the sitting position (21).

e Class I: The vermilion line of the upper-lip is not
completely visible when the lower incisors bite the
upper-lip.

e Class Il: With the same biting maneuver, the upper-
lip mucosa appears partially.

e Class I11: The lower incisors cannot bite the upper-lip.
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Atlanto-Occipital Joint Movement: The line passing through
the tragus and the mouth corner was determined. In the supine
patient, the angle between this line and the horizontal line was
measured when the head was in full extension (5).
Neck Circumference: The neck circumference was
measured at the level of the cricoid cartilage while the head
was in the neutral position (22).
Horizontal Mandible Length: Measured by taking the
distance between gonion and mental protuberance.
Bigonial Width: Measured by taking the distance between
two gonions.
Neck Length: Distance between the processus mastoideus
and upper medial point of the manubrium stern was
measured while the patient was in the supine position, the
head at full extension and the mouth closed (13).
Head Circumference: The head circumference was
measured by encircling the protuberantia occipitalis
externa and the superciliary arches with tape measure (20).
Anesthesia Management
After the acceptance of the patient to the operation room,
patients were monitored with end-tidal carbon dioxide,
peripheral oxygen saturation, electrocardiogram, and non-
invasive arterial blood pressure. After 5 minutes of
preoxygenation, induction was performed with intravenous
propofol 2 mg kg™!, rocuronium bromide 0.6 mg kg™,
fentanyl citrate 2 pg kg™'. Later, the patient was ventilated
using a standard face mask for 90 seconds. The physician
who performed the intubation procedure was blinded to all
preoperative measurement information. After evaluating
the C-L classification and intubation difficulty, the
physician performing the intubation was asked to inform
the responsible investigator verbally. Intubation was
performed by the same experienced anesthesiologist using
the standard Macintosh 4 or 5 blades (HEINE Classic®
Macintosh Fiber Optic Blades, Germany) to achieve
standardization. The laryngeal view was evaluated
according to the C-L scale without applying cricoid
pressure while the patient was in sniffing position (23):

o Grade 1: Glottis is fully visible

e Grade 2: Glottis is partially visible, anterior

commissure of the glottis is not visible

e Grade 3: No part of the glottis is visible. Only
epiglottis is visible

o Grade 4: Epiglottis is not visible

Figure 2. Anthropometric measurements. a. sternomental
distance, b. thyromental distance, c¢. neck length, d.
horizontal mandible length, e. neck circumference, f.
atlanto-occipital joint movement
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Artificial Intelligence

Many different programs are used for artificial intelligence
analysis. In this study, the Waikato Environment for
Knowledge Analysis (WEKA) Version 3.8 program was
used to evaluate the data. WEKA includes several classifier
algorithms that can be accessed on the internet developed
at the University of Waikato in New Zealand (24). In this
study, RandomForest, REPTree, RandomTree, LMT, J48,
HoeffdingTree, DecisionStump, JRip, DecisionTable,
LWL, KStar, IBK, SMO, SimpleLogistic,
MultiLayerPerception, Logistic algorithms were used in
WEKA program. Data were separated as training and test
data using the 10-fold cross validation method. Correctly
Classified Instances, F-Measure and ROC area values were
used for the success of the methods. The formulas used to
calculate these values are as follows:

Sensitivity = P
tp+fn
T tn
Specificity = e
F — Measure = 22—
p+r
Correctly Classified Instances = __prm
fo+fnt+fp+fn

where, tp represents the true positive, whose actual value
is predicted to be positive and positive; fn represents the
false negative, whose actual value is positive but predicted
as negative, fp represents the false positive, predicted to be
positive, but the actual value is negative, and tn represents
the true negative, whose actual value is predicted to be
negative and negative.

The reported incidence of difficult intubation ranges from
1 to 13% (5). In artificial intelligence learning, a similar
number of patients is expected to be taken for each class.
Therefore, it was planned to include a similar number of
patients from each C-L grade to be able to evaluate the
accuracy performance of the C-L classification. In
determining this number, the number of difficult intubated
patients with low incidence was mainly considered. Thus,
a similar number of patient data from each C-L class was
analyzed with artificial intelligence. A computer-
generated random numbers list was used to select patients
with C-L grade 1 from the easy intubation group for
artificial intelligence analysis.

RESULTS

The number of difficult intubated patients was low by the
nature of the study. Therefore, only 112 of 1752 patients
were considered as difficult intubation in three years.
Among 1752 patients whose eligibility for the study was
evaluated, 252 patients were excluded due to head and
neck anomalies, history of cervical spine surgery, cardiac
surgery, facial surgery, no incisors, neuromuscular
diseases, and uncooperative. Among the 1752 patients, 14
refused to participate in the study.

One hundred and sixty-one patients with C-L grade 2
laryngeal views were excluded from the easy intubation
group due to the application of a rigid stylet, cricoid
pressure, and blade replacement during intubation.

For artificial intelligence learning, analysis of a similar
number of patients from C-L grade 1,2,3,4 groups is
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necessary. The number of C-L grade 1 patients was high.
Therefore, in the easy intubation group, 121 patients with
a total of 1105 C-L grade 1 were selected using a
computer-generated random number list, and 984 patients
were excluded. A total of 229 patients were recorded as
easy intubation (Figure 1). Two patients with C-L grade 4
in the difficult intubation class were intubated with flexible
fiberoptic  bronchoscopy. All 341 patients were
successfully intubated. Eventually, data obtained from 341
patients (212, 62.17% male and 129, 37.83% female, aged
18-70 years) were included in the study. The categorical
demographic and clinical features of the participants are
shown in Table 1. The numerical characteristics of the
demographic and anthropometric measurements of the
patients are shown in Table 2 as mean, standard deviation
and minimum-maximum values.

10-fold cross validation method was used in the separation
of data as training and test. Accordingly, the data was
divided into 10 parts, the first of which was used for testing
and the remaining nine for training. In the second
application, the second part was used for testing and the
remaining nine parts were used for training. This continued
with the application of all parts. Thus, all data were used
for both training and testing. This results in more realistic
outcomes than randomly allocating data for training and
testing. After analyzing the data with artificial intelligence
algorithms, the highest classification success was obtained
with the RandomForest algorithm. Table 3 shows the C-L
classification success of different algorithms.

Table 1. Categorical data of demographic and clinical
features of the patients, n (%)

Difficult Easy Total
Intubation Intubation (n=341)
(n=112) (n=229)

Sex

Male 88 (25.81%) 124 (36.36%) 212 (62.17%)

Female 24 (7.04%) 105 (30.79%) 129 (37.83%)
ASA

| 20 (5.87%) 102 (29.91%) 122 (35.78%)

1 72 (21.11%) 95 (27.86%) 167 (48.97%)

Il 20 (5.87%) 32 (9.38%) 52 (15.25%)
Pregnancy

Yes 9 (2.64%) 22 (6.45%) 31 (9.09%)

No 103 (30.21%) 207 (60.7%) 310 (90.91%)
DM

Yes 15 (4.4%) 8 (2.35%) 23 (6.74%)

No 97 (28.45%) 221 (64.81%) 318 (93.26%)
MMT

| 0 (0.00%) 58 (17.01%) 58 (17.01%)

1 3 (0.88%) 78 (22.87%) 81 (23.75%)

1l 52 (15.25%) 68 (19.94%) 120 (35.19%)

v 57 (16.72%) 25 (7.33%) 82 (24.05%)
ULBT

| 42 (12.32%) 88 (25.81%) 130 (38.12%)

1 63 (18.48%) 124 (36.36%) 187 (54.84%)

1l 7 (2.05%) 17 (4.99%) 24 (7.04%)
C-L

1 110 (32.26%) -

5 2 (0.59%) ) 112 (32.84%)

3 - 121 (35.48%)

4 - 108 (31.67%) 220 (67.16%)

ASA: American Society of Anesthesiologist physical status, DM: Diabetes
Mellitus, MMT: Modified Mallampati Test, ULBT: Upper-Lip Bite Test,
C-L: Cormack and Lehane classification
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Table 2. Descriptive statistics for numerical data of the demographic and anthropometric measurements of the patients

Difficult Intubation (n=112)

Easy Intubation (n=229)

Total (n=341)

Mean+SD Min-Max Mean+SD Min-Max Mean+SD Min-Max
Age (y) 46.04+12.00 22-69 40.58+14.42 18-70 42.37+13.91 18-70
Weight (kg) 88.04+11.08 63-123 81.11+£14.54 50-140 83.39+13.89 50-140
Height (cm) 169.73+6.87 155-185 168.79+8.93 150-193 169.10+8.32 150-193
BMI (kg/m?) 30.61+3.93 21.80-48.05 28.57+5.28 18.71-46.88 29.244+4.97 18.71-48.05
TMD (mm) 65.12+5.23 50.70-75.95 74.94+8.52 50.50-89.56 71.72+8.89 50.50-89.56
SMD (cm) 15.35+1.16 12-18 17.36£1.77 12-21.5 16.70+1.85 12-21.5
Mouth opening (mm) 43.87+£5.67 30.25-59.20 46.28+5.14 25.20-59.22 45.49+5.44 25.20-59.22
Neck circumference (cm) 44.21+3.33 38-49.9 43.40+4.01 31-49 43.66+3.82 31-49.9
Neck length (cm) 15.62+1.29 12-18.5 16.66+1.25 12-19 16.32+1.35 12-19
Head circumference (cm) 58.98+1.76 55.5-62 58.79+1.79 56-65 58.85+1.78 55.5-65
AOJIM (degree) 88.42+4.23 78-99 101.90+6.85 86-119 97.47+8.80 78-119
HML (mm) 106.04+527  92.18-113.89  104.13+6.81  80.25-116.39  104.76+6.41  80.25-116.39
Bigonial Width (mm) 122.3244.02  110.03-129.90  116.90+5.52  100.92-129.40 118.68+5.68  100.92-129.90

SD: Standard deviation, Min-Max: Minimum-maximum, BMI: Body mass index (weight/(height)?), TMD: Thyromental distance, SMD: Sternomental
distance, AOJM: Atlanto-occipital joint movement, HML: Horizontal mandible length

When Table 3 is examined, it is seen that Logistic, LMT
and SimpleLogistc algorithms have similar classification
success to RandomForest algorithm. The results obtained
with the RandomForest algorithm, which has the highest
success rate, are given in Table 4. The F-Measure value
was 0.967 for the classification success rate of the patients
grouped as easy intubate classification. According to this,

Table 3. C-L classification success with different artificial
intelligence algorithms

the classification success rate is 96.7% in the patients
evaluated as easy intubation. Difficult intubation
classification success is 93.3%. The average success rate
of C-L classification was 95.6%.

The Confusion Matrix table of the RandomForest
algorithm with the highest success rate is shown in Table
5. Two hundred and twenty-two of the 229 patients in the
easy intubation group were classified as easy intubation
and correctly recognized. However, 7 easy intubations
were misclassified as difficult intubation. One hundred
four of the 112 patients in the difficult intubation group

Algorithm Classification Success (%) were classified as difficult intubation and correctly
Trees recognized. However, 8 difficult intubations were
RandomForest 95.60 misclassified as easy intubation. It is demonstrated in the
REPTree 91.49 confusion matrix that difficult intubation was predicted
RandomTree 91.78 with 92.86% sensitivity, 96.94% specificity, 93.69%
LMT 94.13 positive predictive value, and 96.52% negative predictive
Ja8 91.49 value. Overall accuracy rate was 95.60%.
Hoeffding Tree 92.66
Decision Stump 86.80
Rules ) ) ) ) o
JRip 91.49 Table 5. The confusion matrix of intubation prediction
DecisonTable 88.86 True Value
Lazy
LWL 87.68 Difficult Easy
KStar 90.32 Intubation  Intubation
IBk 88.56 Difficult 0
Functions Predicted  Intubation 104 ! 93.69%
SMO 93.84 Value Easy
Simple Logistic 94.42 Intubation 8 222 96.52%
MultiLayer Perceptron 94.42
Logistic 94.13 92.86% 96.94% 95.60%
Table 4. Easy and difficult intubation classification results for RandomForest algorithm
Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area
Difficult Intubation 0.929 0.031 0.937 0.929 0.933 0.900 0.986 0.968
Easy Intubation 0.969 0.071 0.965 0.969 0.967 0.900 0.986 0.994
Weighted Average 0.956 0.058 0.956 0.956 0.956 0.900 0.986 0.985
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DISCUSSION

Our study demonstrates that difficult intubation can be
considerably predicted (92.86% sensitivity) with different
artificial intelligence algorithms using various clinical
tests and anthropometric measurements. Besides, in this
study, C-L classification with artificial intelligence was
calculated with a high accuracy rate (95.60%).

A limited number of studies have reported predictions of
difficult intubation through artificial intelligence (25-27).
The results of our study are consistent with these studies.
Yan et al. (25) evaluated the C-L classification prediction
only with a multi-layer perceptron network-based medical
decision support system. The database was created to train
and test the system using 13 features of 824 patients. While
they reported C-L classification accuracy as 91.9%, we
found 94.42% for the same algorithm. In another study
with 13 physical features of 264 patients by Yan et al. (26),
C-L classification accuracy was determined as 90.53%
with the support vector machine (SVM) based decision
support system. In another study with 10 features of 1200
patients by Lazouni et al. (27), the C-L classification
success rate was reported as 97.26% with the SVM
algorithm. In the previous three studies, a single artificial
intelligence algorithm was evaluated. In our study, data of
19 features and 341 patients were assessed by the WEKA
program in 16 different artificial intelligence algorithms.
The success rates of these studies seem to be high. On the
other hand, the selection of patients, measurement of data
and standardization of methods were not clearly explained
in these three studies. However, the most considerable
aspect of our study is it being a single-blind clinical trial.
Standardization of our study was achieved by specifying
the criteria for inclusion and exclusion of patients,
performing intubation by the same experienced physician
who was unaware of the patient’s clinical test and
anthropometric measurement information. Anesthesia
induction and tracheal intubation were also standardized.
Thus, the average success rate of C-L classification
accuracy of easy and difficult intubations, which is our
second goal in the study, seems to be stronger than
previous studies, despite the possibility of 95.60%.

There is no accepted universal definition for difficult
intubation. It is known that definitions vary widely. (e.g.
C-L grade 3 and 4 classifications, the need for changing
the equipment and the physician who is performing the
intubation, number of intubation attempts [more than two
or three attempts], duration of intubation lasting more than
10 minutes and the presence of failed intubation; 14,28).
Difficult laryngoscopy does not mean difficult intubation.
In previous studies, difficult laryngoscopy was predicted
according to the laryngeal view. Generally, C-L grade 2 is
considered as easy laryngoscopy, but the endotracheal tube
may not be inserted into the trachea without the use of any
intubation aid. A relative difficulty can be mentioned in
patients with some C-L grades 2. For this reason, not all
patients classified as C-L grade 2 can be considered easy
intubation. In our study, rigid stylet, cricoid pressure, blade
replacement was used for 161 patients evaluated as C-L
grade 2, so they could not be included in the easy
intubation group (Figure 1). Since these patients did not
meet our diagnostic criteria for difficult intubation, they
could not be identified in the difficult intubation group. In
the light of these definitions, not each difficult intubation
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will be of equal difficulty. It will also vary if the artificial
intelligence recognizes and distinguishes the difficulty
spectrum of the intubation. Artificial intelligence predicted
difficult intubation with a sensitivity of 92.86%,
specificity of 96.94%, positive predictive value of 93.69%
and negative predictive value of 96.52% according to our
easy and difficult intubation criteria. When we classify the
intubation difficulty as easy, difficult and very difficult, we
can provide significant improvements for artificial
intelligence learning. This classification we recommend
can makes a distinction beyond easy or difficult
classification. On the other hand, tracheal intubation is
generally considered to be “easy” or “difficult” in practice.
Currently, there are no intubation definitions that classify
difficulty as easy, difficult and very difficult. Also,
recognizing and distinguishing difficulty in intubation can
be improved by adding some adding individual differences
and clinical features. These features may include
questioning the snoring and sleep apnea history, rigid
stylet or gum elastic bougie use, blade replacement,
presence of cricoid pressure, requirement for changing the
physician performing intubation, intubation times, etc.
Laryngeal view of easy and difficult intubated patients was
evaluated with 4-grade C-L classification, which is widely
accepted. Recently modified C-L grades are offered to
achieve more sensitive classifications. Yentis et al. (29)
modified the C-L classification to 5 grades by separating
C-L grade 2 into two subclasses: 2a (glottis partial visible)
and 2b (posterior part of vocal cords or only arytenoids are
visible). Cook TM (28) defined the laryngeal view with a
6-grade modified C-L classification. C-L grade 2 and
grade 3 were divided into two subclasses: C-L grade 2a
(posterior part of the vocal cords is visible) and 2b (only
arytenoids are visible), C-L grade 3a (epiglottis can be
seen and lifted) and 3b (epiglottis adherent to pharynx).
According to this classification, C-L grade 1 was defined
as easy laryngeal view, grade 2a and 3a as restricted, grade
3b and 4 as difficult. The laryngeal view is defined as C-L
grade 1 of easy, grade 2a and 3a of restricted, grade 3b and
4 of difficult in this classification. Thus, the use of
modified C-L classifications will provide more sensitive
data for artificial intelligence algorithms (e.g. artificial
intelligence can better distinguish the degree of difficulty
between C-L grade 3a and grade 3b in a patient difficult
intubated). Although 4-grade C-L classification was used in
our study, the accuracy performance of C-L classification
was achieved with a substantial rate of 95.60%.

One of the limitations of the present study is that it was a
single-center study. If the study can be a multi-center study
and carried out in a specific population likely to include a
high proportion of difficult intubation, there would be
higher estimation success. We are planning a multi-center
study for this purpose in the future. Another limitation of
the study was the low sample size. There were only two
patients in the C-L grade 4 class. Therefore, C-L grade 4
classification accuracy performance could not be assessed,
it was evaluated within the C-L grade 3 class.

CONCLUSIONS

In conclusion, artificial intelligence provided a remarkable
distinctive prediction about predicting difficult intubation.
Besides, C-L classifications of easy and difficult intubated
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patients were successfully predicted with artificial
intelligence algorithms. A safer and more potent prediction
in training artificial intelligence can be achieved by adding
individual differences and clinical features that support the
definition of difficult intubation. In further studies,
modified 6-grade C-L classifications (2a, 2b, 3a, and 3b)
can be used to predict difficult intubation. This will
provide us with more detailed and powerful defined patient
data. Future, we believe that artificial intelligence can safely
achieve difficult intubation prediction and management
with an anesthetist's perspective.
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