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Why is respiratory rate important? 
 

Respiratory rate (RR) is a critical vital sign; it helps diagnose acute conditions like respiratory infection and 
pulmonary embolism and identify the severity of chronic conditions such as asthma or cystic fibrosis1. In the 
UK, RR is one of the six core physiological parameters that is used in determining a patient’s aggregate National 
Early Warning Score (NEWS), which is used to detect and respond to clinical deterioration in adult patients. 
Similarly, high RR is one of the main indicators of pneumonia in children according to WHO’s Integrated 
Management of Childhood Illness Guidelines, used globally for community detection of the condition. Despite 
a robust evidence base behind the ability of respiratory rate abnormalities to prevent patient deterioration 
early2,3,4,5, it remains the most inaccurately captured vital sign in clinical practice3,6,7,8,9,10. 
 
How is respiratory rate normally captured? 
 

Despite advancements in automated vital sign capture, RR remains the vital sign most commonly captured 
through manual counting, even in hospital settings11,12. Exceptions exist in high dependency units, such as 
ICUs, where automated methods to detect exhaled breaths from changes in humidity, temperature, pressure, 
or CO2 / O2 exist. Although often more accurate, these approaches have not been scaled to wider clinical 
settings, let alone to non-clinical or community settings. Manual counting techniques involve watching a 
patient’s chest movement as they breathe and counting breaths for a 60 second period. It involves the use of 
a timer but could also include the use of assisting counters. 
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What are the most common sources of inaccuracy in manually counted respiratory rate? 
 

Manual counting is difficult and can be imprecise. In hospital settings, literature shows manually counted RR 
to be linked to great inter-observer variability among trained clinicians due to errors in counting, estimations, 
value bias, and counting over an insufficient period13. One study showed that 72% of manually counted RR 
values were either 18 or 20 breaths per minute, yet only 13% of these values were confirmed to be true by 
trained observers10. Another study illustrated skewing towards normal healthy rates with even numbers of 18 
and 20 on a patient population of 36,966 patients6. 
 
There is limited literature available on the accuracy of manual counting in community settings, where the 
process is performed by a non-clinical workforce. In designing the next generation of remote monitoring 
solutions for community settings, the team at Feebris have witnessed the understandable challenges that non-
clinicians face when counting RR from chest movement, including patient movement, clothing, or a busy work 
environment. Figure 1 illustrates the consequences based on an experiment conducted with 400 manual 
counts in different elderly care environments (care homes, nursing homes, live-in care settings). Values for RR 
of 18 and 20 breaths per minute were recorded in 45.5% of the cases, similar to the value bias reported in 
hospitals. In addition, a deeper investigation revealed that almost half of these checkups would not fall in the 
correct severity band for RR (using NEWS as a benchmark) as highlighted in Figure 2. 36% of the manually 
counted RRs were significantly higher than in reality, risking under-diagnosis of potentially serious conditions. 
An additional 10% of the manually counted RRs were significantly lower than in reality, risking further 
unnecessary clinical examination, and wasting patient and clinician time. 
 
 

 
Figure 1: Manual RR counts of 400 patients collected 

in community setting 
Figure 2: Estimated proportion of checkups that fall in 

or out of the correct NEWS band due to manual RR 
entry

 
How is Feebris solving the problem through AI augmentation? 
 
 

Manual counting of RR is often shown to be inaccurate and costs carers valuable time which could be spent 
on patient interaction or elsewhere. At Feebris, we use AI to augment a community worker to improve the 
quality of RR measurements and the time it takes to capture it. We have designed algorithms that can extract 
RR from existing sensors commonly used in remote patient monitoring, such as a pulse oximeter and a digital 
stethoscope. Moreover, our AI-guided capture system evaluates the quality of the signals and provides the 
user with feedback to address the number of issues that a non-medical user inevitably encounters when using 
medical sensors in a community environment, including misplacing the sensor, background noise, patient 
movement etc.   

 
13 Kallioinen et al., Quantitative systematic review: Sources of inaccuracy in manually measured adult respiratory rate data, J Adv Nurs. 2021;77:98–
124. 
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What is the impact of AI augmentation? 
 
 

Here we illustrate the impact of AI augmentation in improving RR measurement accuracy on a dataset of 150 
community checkups. For the comparison, RR was manually counted by a community worker (such as a carer), 
and separately clinically validated by several clinicians assigning RR through auscultation and by a predicate 
device for automated RR extraction. To illustrate the AI’s broad applicability, the dataset was captured across 
two different settings where Feebris operates (community settings in India and UK), and different patient 
populations to include a diversity of ethnicities, physiologies, and diseases.  
 
Figure 3a highlights the biases seen in manual counts vs a clinically validated label across these 150 checkups. 
At the low-end of respiration, RR is typically overcounted, and at the high-end it’s typically under-counted. 
There is a natural tendency to assume that the patient is breathing at a normal healthy RR. Figure 3b shows 
the AI’s RR predictions for these same 150 signals, including a trendline that falls within 1 breath error across 
the distribution of true RRs (10-30). The predictions are clustered far closer around the 0-difference line 
throughout. In particular, 59% of manual RR counts are within 2 breaths of the clinically validated label, as 
compared to 96% of predictions from the AI algorithm.  
 

   
 

Figure 3a: Difference in clinically validated RR to 
manual count 

 
Figure 3b: Difference in clinically validated RR to 

algorithm derived prediction
 
 
Furthermore, when splitting the checkups into three distinct NEWS categories for RR (NEWS band 0: 12-20 RR, 
NEWS band 2: 21-24 RR, and NEWS band 3: >=25 RR), Figure 4 clearly demonstrates the impact of using AI-
derived RR on minimising under or overcounting in each category. Across all NEWS bands, the AI prediction is 
more accurate than manual counting. Overcounting normal RR (NEWS band 0), potentially leading to further 
unnecessary examinations and resource wastage, is reduced by 23 percentage points (31% to 8% of cases). 
Undercounting abnormal RR (NEWS 3), potentially leading to potential under-diagnosis of severe conditions, 
is reduced by 16 percentage points (27% to 11% of cases).  
 



 

        
           

 
Figure 4a: Grouped manual counts vs clinically 

validated RR  
Figure 4b: Grouped algorithm predictions vs clinically 

validated RR 
 
 
When applying the AI algorithm to the original cohort of 400 patients from the first experiment, Figure 5 
highlights how the distribution of RRs is normalised and the value bias of RRs at 18 and 20 is minimised. 
Furthermore, we have estimated that by using AI predicted RRs across this cohort, the proportion of patients 
whose checkup falls within the correct NEWS band is greatly improved. Figure 6 shows the proportions, with 
85% of patient checkups now falling within the correct severity band (as compared to 53% originally shown 
for the same cohort in Figure 2).  
 
 

 
Figure 5: AI estimated RR compared to manual counts 

of 400 patients in community setting  
Figure 6: Revised proportion of checkups that fall in or 
out of the correct NEWS band due to AI estimated RRs

 
 

Summary 
 

This case study illustrates how augmenting user behaviour with AI can significantly strengthen the reliability 
of clinical information generated by remote patient monitoring systems. We have conducted a larger clinical 
study that formally evaluates the efficacy of these AI algorithms, and the impact this has on patient outcomes 
and costs to the healthcare system, which will be published in a peer-reviewed journal soon.  
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