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A B S T R A C T

Objective: Acute otitis media is the most common bacterial infection among children and a significant global 
health burden. Despite its high incidence, diagnostic accuracy is poor. The objective of this study was to evaluate 
whether an artificial intelligence classifier can rule out otitis media in children based on a tympanic membrane 
image.
Methods: Artificial intelligence analysis of tympanic membrane images was carried out on images gathered as 
part of a randomized double-blind study. 793 tympanic membrane images were analyzed with an AI classifier. 
Images were obtained from children aged 6 to 35 months participating in a trial investigating the efficacy of 
amoxicillin-clavulanate for acute otitis media. The primary outcome was the sensitivity, specificity and accuracy 
of the classifier.
Results: All four variants of the artificial intelligence classifier showed excellent sensitivity for an abnormal ear 
(96% to 100%), and areas under the curves were respectively high (0.83-0.92). After a change in image 
normalization due to an initially poor image quality, the performance of the best variant improved to a specificity 
of 73%, and sensitivity remained high (92%).
Conclusions: Our study suggests that an artificial intelligence classifier at a primary level can rule out otitis media 
in children. This may eliminate the need for a physician's visit in the great majority of suspected acute otitis 
media cases in children with healthy ears. Further research in a parent-led setting is needed to measure the real- 
world impact of automatic classifiers.

1. Introduction

Acute otitis media (AOM) is a sudden infection of the middle ear 
accompanied by acute signs of illness and tympanic membrane (TM) 
bulging [1]. It is the most common bacterial infection among young 
children [2]. Due to its high incidence rate, AOM can be considered one 
of the most significant conditions contributing to public morbidity, 
especially among young children. Annually over 15 million pediatric 
AOM cases are diagnosed in the United States alone, resulting in over 4 
billion USD in added health care costs [3].

Despite its high prevalence among young children, reaching 

diagnosis in this age group is particularly challenging, largely due to 
practical limitations such as the fussiness of the child and a narrow ear 
canal which is easily obscured by cerumen but difficult to clean.

When parents suspect their child may have AOM and symptoms are 
not severe, they typically first meet with a triage nurse or physician's 
assistant (PA). At this phase, a thorough anamnestic history is taken, and 
the child's overall condition is evaluated. If the child is in poor condition, 
they are quickly escalated to a physician, while a child in overall good 
condition may be discharged with follow-up instructions. However, 
triage professionals are typically not well trained in otoscopy, resulting 
in most suspected AOM cases being directly escalated to a physician.
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The diagnosis of AOM is based on taking a thorough history and 
performing reliable otoscopy. Traditional physician-performed oto
scopy, largely relying on the appearance of the TM and in particular its 
bulging [4,5], has low diagnostic accuracy and largely depends on the 
level of expertise [5–10]. Novel measures for diagnosing AOM, such as 
optical coherence tomography and low-coherence interferometry have 
been developed, but they lack clinical feasibility [11].

Previous studies have reported very high diagnostic accuracy when 
digital otoscopy images are analyzed by artificial intelligence (AI) and 
neural network algorithms [12–18]. A key advantage in leveraging AI as 
a decision support tool is that, compared to other novel modalities, it 
largely relies on existing and widely accessible hardware and 
technology.

The use of digital otoscopy and AI as a decision support and triage 
tool for nurses or physician's assistants may improve the selection of 
patients who benefit from a physician's evaluation, leading to a more 
efficient use of scarce resources.

The objective of our study was to examine the diagnostic accuracy of 
an AI classifier in categorizing TM images as either normal or abnormal. 
Based on these findings, our goal was to determine the possibility of 
ruling out otitis media (OM) in children by combining digital otoscopy 
with an AI classifier.

2. Materials and methods

2.1. Patient population

For our analysis, 793 TM images gathered from 100 children in a 
primary care setting were selected. Images were obtained from children 
aged 6 to 35 months who were participating in a large randomized, 
double-blind, placebo-controlled trial investigating the efficacy of 
amoxicillin-clavulanate for AOM (ClinicalTrials.gov ID NCT00299455) 
[19]. The images were taken by trained otoscopists on days 1, 3, 8, 15, 
30 and 60, thus representing different stages of OM recovery.

The images were collected with a digital video otoscope (Jedmed, St. 
Louis, MO, USA). The trial was conducted at a primary care level at 
Turku health care center between 2006 and 2009, and the study pro
tocol was approved by the Ethical Committee of the Hospital District of 
Southwest Finland. Written informed consent to participate in the trial 
was obtained from parents.

2.2. Study design

To form the pre-specified gold standard (Fig. 1), TM images were 
classified by three specialized physicians (two specialists in ear, nose 
and throat (ENT) diseases TK and LEI; one specialist in pediatrics PAT) 
as normal or abnormal. Abnormal classification included all cases which 
could not be classified as normal due to pathology, i.e. images of AOM or 
otitis media with effusion (OME), but also images where the TM could 
not be classified normal due to poor image quality or cerumen build-up. 
The physicians based their classification on the visual appearance of the 
TM, focusing on the hallmark features of middle ear pathologies, such as 
bulging, retraction or opacification of the membrane, visible fluid 
behind the membrane or in severe cases TM bullae or perforation Where 
the experts assessment of the categorization was controversial, a 
conclusion was reached by discussion, and finally by a vote, if a 
consensus was not achieved. Of the 793 images in the study, all three 
specialists were unanimous in the classification of 685 images (86%), 
107 (13%) were classified by discussion and 1 (0.1%) required a vote.

Once categorized, the 793 TM images were analyzed by the four 
variants of an AI classifier. In the same way as the physicians, they 
classified TM findings as either normal or abnormal. The classification 
by AI was recorded and compared to the gold standard.

The primary outcome was the sensitivity, specificity and diagnostic 
accuracy of the AI classifier, and ultimately the area under the receiver 
operating characteristic (ROC) curve.

Our study followed the Transparent Reporting of a Multivariable 
Prediction Model for Individual Prognosis or Diagnosis (TRIPOD + AI) 
reporting guideline [20].

2.3. AI classifier

An AI classifier was developed by Sibbo Medical Devices (Helsinki, 
Finland) to classify TM images either as normal or abnormal (Fig. 2). 
The classifier is based on Multi-Axis Vision Transformer architecture, 
combining Convolutional Neural Networks and Vision Transformers, 
implemented with the PyTorch framework. The training dataset con
sisted of 2700 TM images labelled by a panel of 7 ENT specialists, and 
300 additional images were used as a test set. The training and test 
datasets consisting of a total of 3000 TM images which were indepen
dent from those analyzed in this study. Four different variants were 
trained on the training data with conventional transfer learning 

Fig. 1. Forming the gold standard. The gold standard was set by two specialists in ear, nose and throat diseases, and one specialist in pediatrics.

S. Nuuttila et al.                                                                                                                                                                                                                                International Journal of Pediatric Otorhinolaryngology 205 (2026) 112847 

2 

http://ClinicalTrials.gov


methods. A binary classification output was generated by each variant, 
with a 50% probability threshold used for classification, consistent with 
prior studies [12]. A detailed description of the function and key dif
ferences of the different variants is available in the supplementary ma
terial (Supplement 1).

2.4. Image normalization

Image normalization is a pre-processing step during AI training and 
inference, which maps the numerical values of image pixel intensities to 
a range from − 1 to 1. In deep learning, it consists of calculating the mean 
and standard deviation of the image channels for all training data and 
using those values to normalize all images for the AI classifier in the 
future. This process helps the training speed and convergence of the AI 
classifier. In this study, a standard normalization was performed for all 
images before initial analyses.

The image set used in the study was taken during the years 2006- 
2009. It differed markedly in e.g. coloring and resolution when 
compared to the more modern image set the AI classifier was trained on. 
This resulted in initially poor specificity for abnormal ears after standard 
normalization.

To minimize this image quality bias, we calculated specific normal
ization values for the study dataset and performed a secondary 
normalization to make the datasets more similar in pixel distribution. As 
expected, using these values yields noticeably better specificity. The 
process of image normalization and basic function of the classifier is 
presented in Fig. 2.

2.5. Statistical analysis

We calculated sensitivity, specificity and diagnostic accuracy for the 
four variants of the AI classifier after both standard and secondary 
normalization. Diagnostic accuracy is defined as the proportion of test 
results that are correct. In addition to these calculations, we constructed 
ROC curves and calculated the areas under the curves (AUC). Analyses 
were performed with Python software, version 3.12.5, and R software, 
version 4.5.1.

3. Results

In a set of 793 TM images of which 111 were normal, all four variants 
proved to have very good sensitivity for an abnormal ear after standard 
normalization (96% to 100% depending on the variant). The specificity 
of the variants was clearly inferior, with the three best variants ranging 
from 36% to 44%, and with the outlying variant 2 as low as 4% 
(Table 1). Accuracy ranged from 87% to 90%.

Secondary normalization resulted in a clearly better performance of 
all four variants (Table 2). The sensitivity for an abnormal ear remained 
high (89% to 95% depending on the variant) and the specificity clearly 
improved (45% to 73% depending on the variant) (Table 2). Accuracy 
ranged from 85% to 90%.

The change in normalization produced no change in the AUCs for any 
of the variants, ranging from 0.83 to 0.92 after standard normalization 
and 0.85 to 0.92 after secondary normalization. High AUCs demonstrate 
that the AI classifier has an excellent ability to differentiate between 
normal and abnormal ears. ROC curves and AUC's are shown in Fig. 3.

4. Discussion

In this study, we compared the accuracy of an AI classifier in ruling 
out otitis media in young children. Our results show that excellent 
sensitivity for ruling out OM can be achieved and a simple change in 
normalization of the TM images yielded noticeably better specificity for 
the AI classifier.

Diagnostic otoscopy is challenging for most physicians. Several 
studies suggest that traditional physician-performed otoscopy when 
diagnosing AOM exhibits a low diagnostic accuracy, ranging from as low 
as 25% to 88% at best, depending on medical specialty and experience 
[5–10]. Additionally, the diagnosis of AOM cannot be predicted based 
on symptom quality, duration or severity [21–23]. New and efficient 
ways for reaching the correct diagnosis are called for, which is why we 
applied an AI classifier to a clinical setting.

Our study shows similar sensitivity and overall accuracy compared to 
previous AI studies, in which sensitivity and diagnostic accuracy has 
ranged from 91% to 96% and 80% to 93%, respectively [12–18]. ROC 
curves and the respective AUCs in our study were slightly better than in 
a similar study with AUCs ranging from 0.77 to 0.92 [17]. A recent study 
reported a clearly superior specificity (94%) and an equal sensitivity 

Fig. 2. Illustration of image normalization and operating logic of the AI classifier. Image normalization was performed as a pre-processing step. Due to 
technical discrepancies between the AI training and test data sets, secondary normalization was carried out to improve the performance of the classifier.

Table 1 
Results after standard normalization. Sensitivity, specificity, diagnostic accuracy with their corresponding 95% confidence intervals, and AUC's were calculated for 
each variant of the AI classifier.

Sensitivity, % (95% CI) Specificity, % (95% CI) Accuracy, % (95% CI) AUC Considered normal, n (%)

Gold standard 100 100 100 1.0 111 (14)
Variant 1 98 (97-99) 36 (27-46) 89 (87-91) 0.92 53 (7)
Variant 2 100 (99-100) 4 (1-9) 87 (84-89) 0.86 4 (1)
Variant 3 96 (94-97) 44 (35-54) 89 (87-91) 0.83 75 (10)
Variant 4 98 (97-99) 41 (31-50) 90 (88-92) 0.90 58 (7)
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(94%) compared to ours. However, a key difference is that the tool used 
in the study was developed to classify findings as either AOM or 
non-AOM (including both healthy ears and e.g. OME) [12], compared to 
our normal vs. abnormal approach. Focusing on the identification of a 
single condition with clearly defined features may yield better sensi
tivity and specificity compared to our approach of ruling out all types of 
pathologies. Additionally, the study used short videos of the TM as input 
for the classifier, which is possibly a more optimal form of input than 
still images [11,24–26].

Compared to other AI studies[12–18], our study setting placed 
emphasis on a primary care and real-world setting. Our dataset consisted 
of a wide variety of otoscopic findings that in some cases can neither be 
classified as AOM or OME, nor are they completely normal. Addition
ally, some of the images were visually suboptimal due to e.g. cerumen 
remains, poor lighting or positioning of the digital otoscope. These 
features improve the relevance of the dataset as it better represents a 
real-world primary level setting. On the other hand, this impaired the 
classifier's specificity as few patients have a completely normal TM 
finding soon after AOM diagnosis, and many non-pathological artefacts 
were likely flagged as abnormal features by the classifier.

Other modalities for screening middle ear fluid, such as tympan
ometry, optical coherence tomography and acoustic reflectometry, have 
presented a wide range of diagnostic metrics roughly in line with our 
classifier [27–30]. These modalities are based on the detection of middle 
ear fluid, and similar to our classifier, cannot differentiate between AOM 
and OME [31,32]. Contrary to some novel modalities, digital otoscopy 
combined with an AI classifier largely relies on existing and widely 
accessible hardware and technology and hence comes with lower 
acquisition and operating costs.

The four variants of the classifier had different structures and ar
chitectures. After a secondary normalization, variant 4 with a 92% 
sensitivity for an abnormal ear, 73% specificity, 89% accuracy and 0.91 
AUC would likely perform best as a real-life screening tool. In practice, if 
used at a primary level by nurses or PAs, the tool could rule out OM in 
73% of children with suspected AOM who have a healthy ear. This 

population could be discharged with follow-up instructions with no 
need to visit the physician, assuming no other reasons for a visit are 
present. This reduction in the demand for a scarce resource is a signif
icant change compared to the current state where this patient group 
typically meets directly with the physician. Our deduction is based on 
the assumption that without the help of an AI classifier, all patients 
presenting with suspected AOM based on symptoms would meet a 
physician and undergo traditional otoscopy.

Our AI classifier represents a binary (normal vs. abnormal) classifier 
to be used as a screening tool for nurses and PAs. When screening is 
performed at a primary level by non-physicians, the tool is required to 
have excellent sensitivity for recognizing pathologies, to some extent at 
the cost of an inferior specificity. We believe this is a necessary cali
bration for a screening tool to minimize the false negative rate and the 
risk of missing a potentially treatable middle ear pathology, such as 
AOM. Non-physician health care professionals would be required to 
undergo training on performing safe otoscopy on a potentially struggling 
toddler to avoid e.g. damage to the ear canal and ensure high quality of 
images.

We believe that our approach of classifying tympanic membrane 
findings as normal or abnormal, regardless of the specific pathology, is 
more practical as a screening tool for non-physician health care pro
fessionals than attempting to identify precise diagnoses. As there is 
currently no clear consensus on which AOM patients most benefit from 
antimicrobials, classifiers cannot be trained to differentiate this either. 
This further justifies the use of our binary classification approach as 
patients in overall good condition with a negative test result may be 
provided with clinical clearance.

The 92% sensitivity of our classifier can be considered a very good 
diagnostic metric for a clinical test. However, it's important to note that 
the reliability of diagnostic accuracy metrics largely depends on the 
prevalence of the condition [33]. In practice, the use of our classifier 
would result in an 8% false negative rate. We argue that the potential 
risks of not identifying AOM in a child in overall good condition are 
minimal, as the majority of AOM are likely to heal without antimicrobial 

Table 2 
Results after secondary normalization. Sensitivity, specificity, diagnostic accuracy with their corresponding 95% confidence intervals, and AUC's were calculated 
for each variant of the AI classifier.

Sensitivity, % (95% CI) Specificity, % (95% CI) Accuracy, % (95% CI) AUC Considered normal, n (%)

Gold standard 100 100 100 1.0 111 (14)
Variant 1 95 (94-97) 57 (48-66) 90 (88-92) 0.92 94 (12)
Variant 2 94 (92-96) 45 (36-54) 87 (85-89) 0.85 91 (12)
Variant 3 89 (86-91) 63 (54-72) 85 (83-88) 0.86 146 (18)
Variant 4 92 (90-94) 73 (65-81) 89 (87-92) 0.91 135 (17)

Fig. 3. ROC curves and corresponding AUCs for four artificial intelligence variants A) after standard normalization and B) after secondary normalization.
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therapies [34], and severe complications of untreated AOM are 
extremely rare [35]. Patients with persisting symptoms despite previous 
normal TM classification should be examined by a physician, as well as 
patients presenting with overall poor condition or significant parental 
concern [36].

Our study has certain limitations. The images used in the study were 
collected during 2006-2009. As a result, their technical quality is infe
rior compared to modern images which the AI classifier was trained on. 
The difference in the image quality is a likely explanation for the initially 
low specificity for abnormal ears after standard normalization, ranging 
from 4% to 44% depending on the variant. In other words, the TM im
ages were classified as abnormal in part due to poor image quality and 
not actual TM pathology.

To overcome this problem, we performed a secondary normalization 
using specific normalization values, i.e. forcing the datasets to be more 
similar. This relatively simple change in image normalization resulted in 
a clear increase in specificity for an abnormal ear, which now ranged 
from 45% to 73%.

This highlights one major problem of AI image analyses: the reli
ability of the classifier is dependent on the similarity of the test and 
training datasets. Different digital otoscopes may require device-specific 
normalization procedures to minimize image quality bias. Thus, in 
theory, otoscope LED wavelength or even the color of the ear speculum 
are likely to impact the classifier results. This could be a significant 
obstacle to the widespread adoption of artificial intelligence in digital 
otoscopes.

Our classifier is developed to differentiate a normal TM from an 
abnormal one but cannot differentiate which exact TM features it has 
based its classification on. This reduces its value as a tool for educational 
purposes. Additionally, the distribution of the images in the test set was 
skewed towards abnormal, as only 14% of images were classified as 
normal using the gold standard.

Our large dataset consisting of TM images from children aged 6 to 35 
months served ideally for the purpose of evaluating TM abnormalities, 
as AOM is most common and most difficult to diagnose in this age group.

5. Conclusions

Our study suggests that an AI classifier can reliably recognize and 
rule out OM in children. If used as a screening tool at a primary level, the 
best variant of our classifier could reduce the need for a physician's 
evaluation in 73% of suspected OM cases in children who have a healthy 
ear; this could potentially result in significant cost savings in a very large 
patient population. Patients with persisting symptoms despite previous 
normal TM classification should be examined by a physician, as well as 
patients presenting with overall poor condition or significant parental 
concern. Future research should focus on optimizing the classifier's 
performance to reduce the count of false positives without decreasing 
the tool's high sensitivity, validating the classifier in a multicenter or 
device-diverse setting, testing the classifier in a parent-led setting and 
evaluating the performance of AI classifiers against less experienced 
otoscopists.
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media: vocabulary and grammar, Int. J. Biomed. Imag. 2013 (2013) 327515, 
https://doi.org/10.1155/2013/327515.

[17] T.-T. Tran, T.-Y. Fang, V.-T. Pham, C. Lin, P.-C. Wang, M.-T. Lo, Development of an 
automatic diagnostic algorithm for pediatric otitis media, Otol. Neurotol. 39 
(2018) 1060–1065, https://doi.org/10.1097/MAO.0000000000001897.

[18] C.-K. Shie, H.-T. Chang, F.-C. Fan, C.-J. Chen, T.-Y. Fang, P.-C. Wang, A hybrid 
feature-based segmentation and classification system for the computer aided self- 
diagnosis of otitis media, Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. 2014 (2014) 
4655–4658, https://doi.org/10.1109/EMBC.2014.6944662.
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