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Introduction: In major pediatric surgeries, the airway is often secured with an endotracheal 
tube (ETT), and mechanical ventilation is subsequently initiated. Clinicians utilize auscultation 
of breath sounds and capnography to verify correct ETT placement. However, anesthesia 
providers often delay timely charting of endotracheal intubation.  Event documentation 
latency results in decreased efficacy of clinical decision support systems (CDSS).  Automatic 
detection of endotracheal intubation time would thus enhance better real time time data 
capture to support CDSS. 
 
Data:  We gathered retrospective data from 100 randomly selected children who received 
endotracheal intubation at our institution, a tertiary care pediatric hospital. Each patient’s 
data included ventilator parameters (peak inspiratory pressure [PIP], positive end-expiratory 
pressure [PEEP] & tidal volume [TV]) and vital sign measurements (respiratory rate [RR], end 
tidal carbon dioxide [EtCO2], heart rate [HR], and blood pressure [BP]). 
 
Methods:  The morphology of most of the ventilation variables such as RR, PIP, PEEP and TV 
depends heavily on the ventilator mode and settings. For instance, breathing could be 
spontaneous or under ventilator control. Moreover, controlled forms of ventilation could 
deliver either a preset peak inspiratory pressure or tidal volume. Hence, we were able to 
develop an algorithm using only EtCO2. EtCO2 data from mask ventilation in children is noisy 
since patient movement and inaccurate mask placement will result in leakage thus affecting 
the recordings. EtCO2 from ETT recordings on the other hand are more robust. To detect this 
transition from high frequency noisy recording to lower frequency stable recordings, we 
apply the continuous wavelet transform (CWT) on the data. The CWT is capable of locating 
the temporal shift in frequency, which makes it feasible for this study. We use Haar mother 
wavelet function for CWT and then calculate the CWT coefficients at level 50. We then define 

variation index as 𝐶! =
!!

!!
 where, σ and µ are standard deviation and mean values of the CWT 

coefficients respectively. The steps of the designed algorithm are as follows:  
(i) set i=1, 𝐶!! = 0, ∆𝐶! = 0, 
(ii) initial window length N 
(iii) while ∆𝐶! > 𝜖 



(iv) calculate CWT coefficients at scale 50 (x),  
(v) 𝑠 = 𝑥 1 , 𝑥 2 ,… , 𝑥 𝑁  

(vi) calculate 𝐶!! ,  
(vii) calculate ∆𝐶! = 𝐶!! − 𝐶!!!!,  
(viii) N=N+1, i=i+1 
(ix) end,  
(x) return N 

 
The time at sample N is the intubation time. 
 
Results:  For this problem we set initial 𝑁 = 10  samples (1 sample = 15 seconds), and ε = 
0.05. Our results show that the algorithm can correctly detect intubation time in 78 cases. In 
17 cases it can detect intubation time within 3 samples of the actual time. The algorithm fails 
to converge and does not flag intubation in only 3 cases. In other words, results show that the 
algorithm is capable of detecting intubation in 97% of cases, and it can correctly detect 
intubation time within one minute in 95% of cases. Figure (1) represents a sample of results 
where algorithm correctly picks up the intubation time. 
 

 
Figure (1): The plot of variation index shows that the maximum variation happens at the 



time of endotracheal intubation (denoted by the green line). 
 
 
Discussion: Mathematical modeling of the endotracheal intubation is valuable clinically 
since it is the first necessary step in automatic detection of tube malpositioning (i.e. 
inadvertent supraglottic ETT placement or mainstem intubation), which may have life-
threatening consequences. Future directions of work will focus on validating the algorithm on 
prospective data.  Eventually, we hope to increase the accuracy of the detector by developing 
a hybrid algorithm using machine learning techniques and utilize the detector to guide real-
time CDSS. 
 
 
 
 


