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Abstract 

This study aimed to identify differences in patient background and symptoms 

between individuals who tested positive using conventional rapid antigen (Ag) tests 

and those who tested positive using a novel artificial intelligence (AI)–powered 

pharyngeal endoscopy system. A total of 813 patients underwent both influenza/

COVID-19 Ag testing and AI-powered endoscopic testing. We analyzed differences in 

patient characteristics and symptoms between the two test-positive groups. AI testing 

showed an overall percent agreement of 62% (95% confidence interval [CI] 58–66%) 

(442/713), a positive percent agreement of 47% (95% CI 40–53%) (125/269), and 

a negative percent agreement of 71% (95% CI 67–76%) (317/444) compared with 

Ag testing. Compared with Ag-positive cases, AI-positive cases exhibited a shorter 

interval from symptom onset to testing; median 18 hours (Interquartile range [IQR] 

10–27) for AI+ and Ag-, 24 hours (IQR 18–41) for AI+ and Ag + , and 27 hours (IQR 

17–47) for AI- and Ag+ (p < 0.001). In analyses comparing the AI+ and Ag- vs. AI- and 

Ag + , AI+ and Ag- were more frequently paediatric (<15 years old) (odds ratio [OR] 

3.4 (95% CI 1.6-7.2), p = 0.001), tested earlier after symptom onset (<24 hours) (OR 

2.6 (95% CI 1.3-4.9), p = 0.005), had contact with infected individuals (OR 4.6 (95% 

CI 2.2-9.3), p < 0.001), cough (OR 11 (95% CI 4.7-27), p < 0.001), and fever (≥38.0°C) 

(OR 5.6 (95% CI 2.8-11), p < 0.001), but showed lower frequencies of gastrointestinal 

symptoms (OR 0.2 (95% CI 0.05-0.9), p = 0.04). Notably, the AI system misdiagnosed 

23% (23/99) of COVID-19-positive patients as influenza-positive, likely due to follic-

ular lesions on the pharyngeal wall—a key feature used by the AI system for diag-

nosing influenza. These findings demonstrate the impact of differences in diagnostic 

methodologies between conventional Ag testing (which detects pathogen viral load) 
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and novel AI testing (which assesses host immune response to viral infection) on the 

clinical characteristics of test-positive patients.

Author summary

This cross-sectional study investigated differences in patient backgrounds and 
symptoms between influenza-positive cases diagnosed by rapid antigen tests 
and those identified by a novel artificial intelligence (AI)-powered endoscopy 
system recently introduced in Japan. Compared with antigen test positives, AI 
test positives were tested earlier after symptom onset and were more frequent-
ly paediatric and symptomatic. These findings suggest potential utility of the 
AI testing system at the point-of-care, particularly for patients tested during the 
early phase of illness, when antigen test sensitivity is reduced. These findings 
highlight the impact of differences in diagnostic methodologies—namely, conven-
tional rapid antigen testing, which detects pathogen viral load, versus the novel 
AI approach, which evaluates host immune response—on the clinical charac-
teristics of test-positive patients. In addition, we observed cases in which the AI 
system misdiagnosed COVID-19 as influenza, likely due to symptomatic similari-
ties between the two infections. Together, these findings underscore the promise 
of AI-based diagnostic systems for infectious diseases, while emphasizing the 
need for further deep learning-based improvements to enhance differentiation 
among respiratory pathogens.

Introduction

During the COVID-19 pandemic from 2020 to early 2023, the number of seasonal 
influenza virus infections worldwide dramatically decreased but surged again after 
the pandemic subsided (WHO FluNet. https://www.who.int/tools/flunet). Similarly, 
in Japan, an influenza epidemic re-emerged after national COVID-19 prevention 
policies were lifted in May 2023 [1]. Influenza and COVID-19 share similar respiratory 
and systemic symptoms, making it difficult for clinicians to distinguish between the 
two pathogens based on clinical presentation alone, particularly since the emergence 
of the Omicron variant, which has been associated with smaller differences in dis-
ease severity between the two infections [2].

Throughout the COVID-19 pandemic, rapid antigen (Ag) testing using nasopha-
ryngeal swab samples for viral infections, including COVID-19 and influenza, became 
widely recognized as a point-of-care diagnostic method in hospitals and drive-through 
testing centres [3]. However, concerns persisted regarding the discomfort caused by 
swab collection and the risk of viral exposure to healthcare workers, particularly when 
obtaining samples from paediatric patients [4].

As an alternative diagnostic method for influenza virus infection, an artificial 
intelligence (AI)-powered pharyngeal endoscopy system was introduced in Japan in 
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December 2022 [5]. This system analyzes pharyngeal images captured by an endoscopic scope, enabling AI to detect 
follicular nodules on the posterior pharyngeal wall—findings commonly observed in patients with influenza virus infection 
[6]. By integrating clinical information such as patient backgrounds and symptoms, the AI system provides an automated 
diagnosis of influenza virus infection [5]. However, differences in diagnostic outcomes between this AI-powered pharyn-
geal endoscopy system and conventional rapid Ag testing—and the potential role of AI-based diagnosis in point-of-care 
testing in outpatient settings—remain unclear.

The primary objective of this study was to identify differences in patient backgrounds and symptoms between individu-
als who tested positive for influenza by conventional rapid Ag testing and those who tested positive using the AI system. A 
secondary objective was to explore challenges in developing AI-based diagnostic models for infectious diseases by exam-
ining cases misclassified by the AI system, with a particular focus on COVID-19 cases incorrectly diagnosed as influenza.

Results

Characteristics of subjects

The characteristics of sex, age, and influenza testing positivity among 813 subjects are presented in Table 1 and S1 Table 
(original dataset). In total, 52% (420/813) of patients were diagnosed with influenza virus infection as positive by either AI 
or Ag. Among these, 276 were positive by AI, and 270 by Ag. Of the 270 Ag-positive cases, 50% (134/270) were infected 
with influenza A strain and 50% (136/270) with influenza B strain. In addition, 12% (100/813) of patients were diagnosed 
with COVID-19 infection.

Among the 713 COVID-19-negative cases (shown on the left side of the participant flow diagram in Fig 1), the 396 influ-
enza testing-positive patients were younger (median 13 (interquartile range [IQR] 10–27) years vs.15 (IQR 11–34) years, 
p = 0.003), had a higher frequency of contact history with infected individuals (48% (189/396) vs. 24% (75/317), odds ratio 
[OR] 2.9 (95% confidence interval [CI] 2.1-4.1), p < 0.001) and more frequent use of antipyretics (45% (178/396) vs. 37% 
(118/317), OR 1.4 (95% CI 1.02-1.9), p = 0.04). They had a lower frequency of influenza vaccination (22% (89/396) vs. 
31% (98/317), OR 0.6 (95% CI 0.5-0.9), p = 0.01). Symptomatically, they showed higher frequencies of cough  

Table 1.  Characteristics of study subjects.

n = 813

Sex (female) 419 (52%) Symptom

Age (yo)a 14 (11-36) Cough 548 (67%)

  Paediatric (<15 yo) n = 409 (50%) 11 (9-12) Sore throat 486 (60%)

  Adult (≥15 yo) n = 404 (50%) 36.5 (21-53) Headache 463 (57%)

History General fatigue 446 (55%)

  Contact with infected individuals 313 (38%) Runny nose 442 (54%)

  Use of antipyretics 347 (43%) Fever (≥38.0°C) 381 (47%)

  Influenza vaccination 226 (28%) Chill 269 (33%)

Influenza virus testing Appetite loss 213 (26%)

  AI+ or Ag+ 420 (52%) Joint pain 184 (23%)

  AI+ 276 (34%) Muscle pain 120 (15%)

  Ag+ 270 (33%) Sweating 84 (10%)

  Ag A+ 134 (50%) GIb symptom 69 (8%)

  Ag B+ 136 (50%)

COVID-19 Ag+ 100 (12%)
a Median (interquartile range).
b GI; Gastrointestinal.

https://doi.org/10.1371/journal.pdig.0001233.t001

https://doi.org/10.1371/journal.pdig.0001233.t001
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(81% (322/396) vs. 40% (157/317), OR 4.4 (95% CI 3.2-6.2), p < 0.001), runny nose (64% (254/396) vs. 42% (134/317), 
OR 2.4 (95% CI 1.8-3.3), p < 0.001), fever (≥38.0°C) (65% (259/396) vs. 31% (98/317), OR 4.2 (95% CI 3.1-5.8), 
p < 0.001), joint pain (24% (95/396) vs. 17% (55/317), OR 1.5 (95% CI 1.04-2.2), p = 0.03) and muscle pain (17% 
(69/396) vs. 12% (39/317), OR 1.7 (95% CI 1.07-2.5), p = 0.03), but a lower frequency of gastrointestinal symptoms (7% 
(26/396) vs. 11% (35/317), OR 0.6 (95% CI 0.3-0.9), p = 0.04) compared with the 317 influenza testing-negative patients 
(S2 Table).

Diagnosis concordance between Ag and AI testing

The concordance rate for diagnosing influenza between Ag and AI testing was evaluated. Among the 713 COVID-19 
Ag-negative cases, AI testing showed an overall percent agreement of 62% (95% CI 58–66%) (442/713), a positive 
percent agreement of 47% (95% CI 40–53%) (125/269), and a negative percent agreement of 71% (95% CI 67–76%) 
(317/444) with Ag testing (S3 Table). The area under the receiver operating characteristic curve (AUROC) for AI testing, 
using Ag testing as the reference, was 0.59 (95% CI, 0.55–0.63), with a specificity of 0.71 and a sensitivity of 0.47  
(S1 Fig). In analyses stratified by age and time from symptom onset, a higher frequency of disagreement between AI and 
Ag testing was observed among paediatric patients (<15 years) than among young and middle-aged adults (15–64 years): 
43% (169/397) vs. 32% (91/284), OR 1.6 (95% CI 1.1-2.2), p = 0.006. Specifically, compared with adult patients, paedi-
atric patients showed a higher frequency of negative disagreement (AI+ and Ag-) results relative to negative agreement 
(AI- and Ag-) results: 38% (98/256) vs. 17% (28/168), OR 3.1 (95% CI 1.9-5.0), p < 0.001. A similar trend was observed 
when comparing paediatric patients with elderly adults (≥65 years): 38% (98/256) vs. 0.5% (1/20), OR 12 (95% CI 1.6-89), 
p = 0.002. Among the 269 Ag-positive cases (although 270 were originally reported in Table 1, one patient with dual infec-
tion—COVID-19 Ag+ and influenza B Ag + —was excluded from the analyses; this patient is listed as COVID-19 Ag+ and 
Influenza Ag + , n = 1 in Fig 1), no significant difference in AI concordance was observed between strain A (49% (66/134)) 
and strain B (44% (59/135), OR 1.3 (95% CI 0.8-2.0), p = 0.4). These findings indicate that paediatric patients exhibited 
a higher frequency of discordant results between AI and Ag testing, characterized by a greater proportion of AI+ and Ag- 
results compared with adult patients.

Fig 1.  Participant flow diagram. The numbers of figures and tables whose analyses were performed are indicated.

https://doi.org/10.1371/journal.pdig.0001233.g001

https://doi.org/10.1371/journal.pdig.0001233.g001
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Influenza vaccination and testing positivity

We next analyzed whether influenza vaccination prior to testing affected differences in test positivity between AI and Ag 
testing. There was no significant difference in vaccination rates between AI+ and Ag+ cases: 21% (53/252) in AI+ patients 
vs. 23% (62/269) in Ag+ patients (OR 0.9 (95% CI 0.6-1.4), p = 0.6). Similarly, vaccination rates did not differ between AI+ 
and Ag- patients and AI- and Ag+ patients: 21% (27/127) vs. 25% (36/144), respectively (OR 0.8 (95% CI 0.5-1.4), p = 0.5) 
(S4 Table). These findings suggest that a history of influenza vaccination prior to testing did not influence differences in 
test positivity between the two methods.

Impact of examination timing on influenza test positivity: Differences in time from symptom onset to testing 
among influenza testing-positive cases

We analyzed differences in the time from symptom onset to testing among influenza-testing positive cases. Among the 
396 COVID-19 Ag-negative and influenza-testing positive patients, significant differences in testing time were observed 
among AI+ and Ag- patients (n = 127, median 18 hours (IQR 10–27)), AI+ and Ag+ patients (n = 125, median 24 hours 
(IQR 18–41)), and AI- and Ag+ patients (n = 144, median 27 hours (IQR 17–47)) (p < 0.001 by Kruskal-Wallis test; p < 0.001 
between AI+ and Ag- patients vs. AI+ and Ag+ patients, and between AI+ and Ag- patients vs. AI- and Ag+ patients by 
Steel-Dwass test) (Fig 2A). This difference remained significant among paediatric patients (<15 years old) (Fig 2B) but 
not among adults (age ≥ 15 years old) (Fig 2C). Representative pharyngeal images for each AI and Ag test result pair are 
shown in Fig 3: the presence of Ikura (follicular) nodules on the posterior pharyngeal wall in AI+ and Ag- cases (Fig 3A), 
fusion of nodules in AI+ and Ag+ cases (Fig 3B), and disappearance of nodules in AI- and Ag+ cases (Fig 3C). These 
findings suggest that AI-powered diagnostic systems may have an advantage in earlier detection after symptom onset 
compared with Ag testing, particularly among paediatric patients.

Patient background and symptomatic differences between AI-positive and Ag-positive cases

We next analyzed differences in patient backgrounds and symptoms between those with AI+ and Ag- patients (n = 127) 
and those with AI- and Ag+ patients (n = 144). Compared with AI- and Ag+ patients, AI+ and Ag- patients were more fre-
quently paediatric (OR 3.4 (95% CI 1.6-7.2), p = 0.001), tested earlier after symptom onset (<24 hours) (OR 2.6 (95% CI 
1.3-4.9), p = 0.005), had a contact history with infected individuals (OR 4.6 (95% CI 2.2-9.3), p < 0.001), and more com-
monly presented with cough (OR 11 (95% CI 4.7-27), p < 0.001) and fever (≥38.0°C) (OR 5.6 (95% CI 2.8-11), p < 0.001). 
In contrast, they had a lower frequency of gastrointestinal symptoms (OR 0.2 (95% CI 0.05-0.9), p = 0.04) (Table 2). In 
subgroup analyses stratified by age (paediatric <15 years; adult ≥15 years) and testing time (early <24 hours; late ≥24 
hours), the higher frequencies of paediatric age, early testing, contact history, and cough and fever among AI+ and Ag- 
patients remained significant in the paediatric and early-testing subgroups (S5 Table). However, in adults, the significance 
of early testing (OR 1.2 (95% CI 0.4–3.9), p = 0.8), contact history (OR 2.1 (95% CI 0.6-7.5), p = 0.3), and cough (OR 
5.0 (95% CI 0.9-28), p = 0.07) was no longer observed. In the late-testing subgroup, the higher frequency of paediatric 
cases also became non-significant (OR 2.9 (95% CI 0.9–9.3), p = 0.07). Conversely, AI+ and Ag- patients exhibited lower 
frequencies of gastrointestinal symptoms in the paediatric subgroup (OR 0.03 (95% CI 0.001-0.5), p = 0.02) and lower 
frequencies of runny nose in the early-testing subgroup (OR 0.2 (95% CI 0.07-0.6), p = 0.006). These findings suggest that 
the AI system was more likely to yield positive influenza diagnoses in younger patients or those tested earlier after symp-
tom onset—particularly among individuals with a contact history, cough, or fever—compared with Ag testing.

Misdiagnosis by AI: False positive by AI for influenza in COVID-19 cases

We next investigated misdiagnosed cases by AI. Among the 100 COVID-19 Ag-positive cases (shown on the right side 
of the participant flow diagram in Fig 1), one case had dual infection (COVID-19 Ag+ and influenza Ag B+). Among the 
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remaining 99 influenza Ag-negative cases, 77% (76/99) were negative by both influenza AI and Ag (AI- and Ag-), whereas 
23% (23/99) were negative by Ag but positive by AI (AI+ and Ag-). PCR testing confirmed that all AI+ and Ag- cases 
were COVID-19 positive and influenza negative, indicating that these were false-positive diagnoses by the AI system. In 
comparisons between AI false-positive cases (n = 23) and AI-negative cases (n = 76), higher frequencies of cough (OR 28 
(95% CI 2.5-327), p = 0.007) and fever (≥38.0°C) (OR 16 (95% CI 2.4-100), p = 0.004) were observed among the AI false 
positives (Table 3).

Representative pharyngeal images of COVID-19-positive patients misdiagnosed as influenza-positive by AI are shown 
in Fig 4. Case 1: A 9-year-old male presented 21 hours after symptom onset with a body temperature of 36.9°C, head-
ache, cough, sore throat, general fatigue, chill, and no known contact history with infected individuals. Multiple follicular 
nodules were observed on the posterior pharyngeal wall (Fig 4A).

Case 2: A 57-year-old male presented 17 hours after symptom onset with a body temperature of 38.8°C, headache, 
cough, sore throat, runny nose, general fatigue, sweating, and no known contact history with infected individuals. Round 
redness was observed on the posterior pharyngeal wall (Fig 4B).

Fig 2.  Difference in time from symptom onset to testing among influenza testing positives. Differences in time from symptom onset to testing 
among AI+ and Ag- patients, AI+ and Ag+ patients, and AI- and Ag+ patients, (A) in all, (B) paediatric, and (C) adult patients are shown. Kruskal-Wallis 
(K-W) test was conducted with post-hoc analysis using the Steel-Dwass test (***; p < 0.001).

https://doi.org/10.1371/journal.pdig.0001233.g002

https://doi.org/10.1371/journal.pdig.0001233.g002
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These findings suggest that COVID-19 patients with prominent respiratory and systemic symptoms may exhibit pharyn-
geal findings similar to those of influenza virus infection, making it challenging for AI to accurately distinguish between the 
two viruses.

Finally, a summary of the differences in patient backgrounds and symptoms between AI-positive and Ag-positive cases 
is presented in Table 4. When compared with variables associated with crude influenza test positivity (AI+ or Ag+), sum-
marized in S2 Table, younger age, cough, fever, and contact history were consistently associated with higher frequencies 

Fig 3.  Posterior pharyngeal wall images in influenza infection. Representative pharyngeal images for each AI and Ag test result pair are shown. (A) 
The presence of Ikura (follicular) nodules (arrows) on the posterior pharyngeal wall is observed in AI+ and Ag- cases, (B) fusion of nodules (arrows) in 
AI+ and Ag+ cases, and (C) disappearance of nodules in AI- and Ag+ cases.

https://doi.org/10.1371/journal.pdig.0001233.g003

https://doi.org/10.1371/journal.pdig.0001233.g003
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among AI-positive cases, as shown in Table 4. In contrast, runny nose was consistently associated with higher frequen-
cies among Ag-positive cases. These findings highlight how patient background and symptomatic characteristics were 
strongly associated with test positivity for each diagnostic modality.

Table 2.  Differences in patient background and symptom frequencies between influenza AI positives (AI+ and Ag-) and Ag positives (AI- and 
Ag+). Results from multivariable binary logistic regression analysis are shown.

n = 271 COVID-19 Ag- Influenza Yes No OR (95% CI)a p

Sex (female) AI+ and Ag- 67 60 1.5 (0.8–3.0) 0.2

AI- and Ag+ 65 79

Age (<15 yo) AI+ and Ag- 98 29 3.4 (1.6–7.2) 0.001

AI- and Ag+ 71 73

Time from symptom onset to testing (<24 hrs) AI+ and Ag- 84 43 2.6 (1.3–4.9) 0.005

AI- and Ag+ 63 81

Contact with infected individuals AI+ and Ag- 66 61 4.6 (2.2–9.3) <0.001

AI- and Ag+ 49 95

Use of antipyretics AI+ and Ag- 47 80 0.8 (0.4–1.5) 0.5

AI- and Ag+ 73 71

Influenza vaccination AI+ and Ag- 27 100 0.7 (0.3–1.5) 0.4

AI- and Ag+ 36 108

Symptom

  Cough AI+ and Ag- 112 15 11 (4.7–27) <0.001

AI- and Ag+ 91 53

  Headache AI+ and Ag- 87 40 1.9 (0.9–3.7) 0.06

AI- and Ag+ 76 68

  Sore throat AI+ and Ag- 86 41 1.6 (0.8–3.2) 0.2

AI- and Ag+ 70 74

  General fatigue AI+ and Ag- 67 60 0.8 (0.4–1.5) 0.5

AI- and Ag+ 82 62

  Runny nose AI+ and Ag- 73 54 0.6 (0.3–11) 0.09

AI- and Ag+ 91 53

  Fever (≥38.0°C) AI+ and Ag- 96 31 5.6 (2.8–11) <0.001

AI- and Ag+ 62 82

  Chill AI+ and Ag- 50 77 1.7 (0.8–3.5) 0.2

AI- and Ag+ 44 100

  Appetite loss AI+ and Ag- 30 97 0.8 (0.4–1.9) 0.7

AI- and Ag+ 43 101

  Joint pain AI+ and Ag- 22 105 0.8 (0.3–2.1) 0.6

AI- and Ag+ 33 111

  Muscle pain AI+ and Ag- 15 112 0.7 (0.3–1.9) 0.5

AI- and Ag+ 30 114

  Sweating AI+ and Ag- 11 116 2.4 (0.7–8.5) 0.2

AI- and Ag+ 11 133

  Gastrointestinal symptom AI+ and Ag- 4 123 0.2 (0.05–0.9) 0.04

AI- and Ag+ 12 132

a OR (95% CI); Odds ratio (95% confidence interval).

https://doi.org/10.1371/journal.pdig.0001233.t002

https://doi.org/10.1371/journal.pdig.0001233.t002
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Discussion

This cross-sectional study investigated the differences in patient backgrounds and symptoms between individuals who 
tested positive using a conventional rapid antigen (Ag) test and those who tested positive using a novel AI-powered pha-
ryngeal endoscopy system. Compared with Ag-positive cases, AI-positive cases were more frequently paediatric patients, 

Table 3.  Differences in patient background and symptom frequencies between influenza AI false positives and AI negatives. Results from 
multivariable binary logistic regression analysis are shown.

n = 99 COVID-19 Ag+ Influenza Yes No OR (95% CI)a p

Sex (Female) AI false+ 12 11 2.0 (0.4–9.6) 0.4

AI- 42 34

Age (<15 yo) AI false+ 3 20 2.1 (0.1–33) 0.6

AI- 8 68

Time from symptom onset to testing (<24hrs) AI false+ 11 12 1.1 (0.2–5.5) 0.9

AI- 38 38

Contact with infected individuals AI false+ 13 10 5.3 (0.9–30) 0.06

AI- 35 41

Use of antipyretics AI false+ 17 6 4.6 (0.7–29) 0.1

AI- 34 42

Influenza vaccination AI false+ 9 14 0.7 (0.2–2.8) 0.6

AI- 30 46

Symptom

  Cough AI false+ 21 2 28 (2.5–327) 0.007

AI- 48 28

  Sore throat AI false+ 18 5 0.3 (0.04–2.1) 0.2

AI- 59 17

  Headache AI false+ 15 8 3.7 (0.7–20) 0.1

AI- 32 44

  General fatigue AI false+ 17 6 0.4 (0.05–3.9) 0.4

AI- 47 29

  Runny nose AI false+ 11 12 0.3 (0.07–1.4) 0.1

AI- 43 33

  Fever (≥38.0°C) AI false+ 10 13 16 (2.4–100) 0.004

AI- 13 63

  Chill AI false+ 9 14 3.6 (0.7–17) 0.1

AI- 17 59

  Appetite loss AI false+ 9 14 1.1 (0.2–6.7) 0.9

AI- 21 55

  Joint pain AI false+ 9 14 0.7 (0.1–4.5) 0.7

AI- 25 51

  Muscle pain AI false+ 5 18 2.7 (0.3–24) 0.4

AI- 10 66

  Sweating AI false+ 10 13 5.7 (0.8–39) 0.07

AI- 11 65

  Gastrointestinal symptom AI false+ 2 21 0.3 (0.02–5.3) 0.4

AI- 6 70

a OR (95% CI); Odds ratio (95% confidence interval).

https://doi.org/10.1371/journal.pdig.0001233.t003

https://doi.org/10.1371/journal.pdig.0001233.t003
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were tested earlier after symptom onset, were more likely to have had contact with infected individuals, and exhibited 
more pronounced symptoms. Additionally, this study identified several instances of AI misdiagnosis, particularly cases in 
which COVID-19–positive patients were incorrectly diagnosed by the AI system as having influenza virus infection.

In recent years, AI systems have been extensively developed and widely applied in the medical field, especially in image-
based diagnostics. For example, AI has been incorporated into gastroendoscopy for cancer detection, assessment of invasion 
depth, and prediction of pathological diagnoses [7]. The novel AI-powered pharyngeal endoscopy system examined in this 

Fig 4.  Misdiagnosis by AI. Although rapid antigen tests showed COVID-19 positive and influenza negative results, AI misdiagnosed the cases as influ-
enza positive. (A) In Case 1, Ikura (follicular) nodules were observed on the posterior pharyngeal wall, while (B) in Case 2, round redness was noted.

https://doi.org/10.1371/journal.pdig.0001233.g004

Table 4.  Summary of differences in patient background and symptoms between AI-positive and 
Ag-positive cases.

Higher frequencies in AI+ Higher frequencies in Ag+

Diagnosis Host immune response-based Pathogen viral load-based

Age Paediatric (<15 yo) Adult (≥15 yo)

Time Early time (<24 hrs) Late time (≥24 hrs)

Symptom Cough Gastrointestinal symptom

Fever Runny nose during early time

History Contact history

Risk False negative in late time False negative in early time

False positive by other viral infection

https://doi.org/10.1371/journal.pdig.0001233.t004

https://doi.org/10.1371/journal.pdig.0001233.g004
https://doi.org/10.1371/journal.pdig.0001233.t004
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study diagnoses influenza virus infection by analyzing mucosal lesions—such as follicular nodules on the posterior pharyn-
geal wall and swelling of the lateral pharyngeal bands—in combination with clinical information [5]. Follicular nodules on the 
posterior pharyngeal wall, commonly referred to as “influenza follicles” or “Ikura follicles” (where ikura refers to fish caviar, 
derived from the Russian икра and Japanese ikura), typically appear in the early stage of infection as part of the host immune 
response to viral invasion, approximately eight hours after symptom onset [6]. In contrast, the sensitivity of rapid antigen 
testing increases over time, particularly after 24 hours from symptom onset [8,9], which is later than the appearance of follic-
ular nodules. Consistent with this, in our study, the interval from symptom onset to testing was shorter among AI-diagnosed 
positive cases than among Ag-diagnosed positive cases. These findings underscore the importance of selecting diagnostic 
methods based on the time elapsed since symptom onset: AI testing may be more suitable for patients examined within 24 
hours of symptom onset, whereas Ag testing may be more appropriate for those tested 24 hours or more after onset.

The higher frequency of paediatric patients among AI test positives compared with Ag test positives likely reflects 
differences in the underlying diagnostic mechanisms. Whereas Ag tests detect infection based on pathogen viral load, the 
AI system identifies infection through host immune responses. Age-related differences in immune function may therefore 
influence diagnostic outcomes. Thymic involution is a key age-related change, leading to reduced naïve T-cell production 
and a consequent decline in immune responsiveness to novel antigens [10,11]. This decline, known as immunosenes-
cence, contributes to reduced vaccine efficacy and milder side effects in older adults compared with younger individuals 
[12–15]. The higher proportion of paediatric patients among AI test positives may thus reflect stronger immune responses 
to influenza virus infection in this group, resulting in more prominent mucosal lesions such as follicular nodules and more 
severe respiratory and systemic symptoms (e.g., cough and fever), thereby increasing the likelihood of a positive AI 
diagnosis. Previous studies identifying cough and fever as strong predictors of influenza infection support this interpreta-
tion [16,17]. In terms of immune responses and infection diagnosis, vaccination history was not identified as a significant 
factor associated with differences in test positivity between AI and Ag testing in this study. Humoral and cellular immunity 
acquired through vaccination may respond to viral infection at an early stage, thereby limiting both viral load and host 
immune responses, which could consequently reduce test positivity for both methods. Indeed, vaccination history was 
ranked as the least influential variable associated with test positivity in this AI model, contributing less than any respira-
tory or systemic symptom [5]. Furthermore, a recent study reported that high-dose influenza vaccination reduced disease 
severity compared with standard-dose vaccination [18]. Influenza infection following high-dose vaccination may therefore 
be associated with lower test positivity across both testing modalities.

Beyond age, timing of testing, and symptom profile, a history of contact with infected individuals was also more fre-
quent among AI positives than Ag positives. This may be partly attributable to the AI model itself. In the original report on 
the development of this AI-powered endoscopy system, pharyngeal images were the most influential variable for diag-
nostic prediction, followed by body temperature, cough, and contact history [5]. Thus, the weighting of contact history as 
an important diagnostic feature may have contributed to its higher prevalence among AI positives in this study. Similarly, 
during the COVID-19 pandemic, contact history was reported as a significant predictor of test positivity in drive-through 
PCR testing [19]. These findings suggest that incorporating information on contact history is crucial for improving AI-based 
diagnostic accuracy through deep learning. In this study, the diagnostic performance of the AI model for Ag-positive cases 
showed an AUROC of 0.59, with a sensitivity of 47% and a specificity of 71%. These results indicate the presence of diag-
nostic discrepancies between the two tests. Implementing novel AI-based influenza testing that accounts for patient age, 
time from symptom onset, symptoms, and contact history may enhance point-of-care diagnostics in outpatient settings, 
particularly by complementing the moderate sensitivity (40%–80%) of conventional Ag testing [20].

Another notable finding was the occurrence of AI misdiagnoses. Pharyngitis can be caused by a range of pathogens, 
and the host immune response to these pathogens can result in similar follicular nodules on the posterior pharyngeal 
wall. Pathogens such as influenza virus, SARS-CoV-2, rhinovirus, enterovirus, and Mycoplasma pneumoniae have all 
been reported to cause such findings [21–24]. Moreover, COVID-19-infected patients have been observed to exhibit 
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aggregated, millet-sized white spots surrounded by redness or ulcerative lesions on the posterior pharyngeal wall [25]. 
Among COVID-19 variants, the Omicron strain shows higher replication in the upper respiratory tract compared with ear-
lier strains [26]. and has been associated with a higher frequency of sore throat than pre-Omicron variants [19,27]. During 
the study period, Omicron was the predominant strain; thus, the presence of follicular nodules and areas of redness in 
COVID-19 cases may have led to AI misdiagnosis as influenza virus infection. In the field of infectious diseases, AI has 
been extensively studied and applied to anti-infective drug discovery and antigen selection for vaccine development 
[28]. However, unlike drug discovery applications, the use of AI for infectious disease diagnostics remains challenging. 
Advancing AI-based diagnostic systems will require further collaboration between AI engineers and medical staff [29]. In 
this study, for instance, improving pathogen differentiation will likely require more advanced deep learning techniques that 
integrate imaging and clinical data from a variety of respiratory pathogens with similar symptoms, together with regional 
and seasonal epidemiological information.

Beyond diagnostic accuracy, the introduction of AI systems for point-of-care testing may help alleviate the burden 
associated with nasal swab collection required for Ag testing, thereby reducing both patient discomfort (e.g., nasal pain) 
and healthcare worker exposure risk [30]. Furthermore, diversifying point-of-care diagnostic tools beyond Ag kits would 
enhance preparedness for future pandemics by mitigating the risk of supply shortages of medical materials—such as Ag 
test kits—a challenge that was experienced globally during the COVID-19 pandemic [31].

This study has several limitations. First, influenza infection was not confirmed by PCR testing, introducing a potential 
risk of false-positive or false-negative results in both Ag and AI testing. Indeed, the reported diagnostic performance of 
the AI model for PCR-confirmed influenza infection includes an AUROC of 0.90, with sensitivity and specificity of 76% 
and 88% respectively [5]. Therefore, evaluation of AI and Ag test results in PCR-confirmed cases is warranted to more 
accurately assess diagnostic differences between the two tests. Second, immunological background information was not 
analyzed as a potential confounding factor. Given that the AI system operates on the basis of host immune responses, 
such background factors may influence AI test performance. For example, previous studies have reported stronger 
vaccine-related adverse reactions among individuals with autoimmune disorders or allergy histories following mRNA 
COVID-19 vaccination [13]. Incorporating immunological background information as an additional input may further refine 
and improve the diagnostic accuracy of AI systems. Third, the study population was predominantly paediatric (median 
14 years, with relatively few elderly participants (adult median age 36.5 years). Further studies including a larger number 
of elderly patients are warranted to better assess the impact of age and to confirm the potential advantages of AI-based 
diagnosis leveraging host immune responses in paediatric populations. Finally, because of the limited sample size for 
analyses, several variables showed statistically significant associations accompanied by wide 95% confidence intervals—
such as cough and fever in Table 3—indicating the need for cautious interpretation.

In conclusion, this study highlights the differences in patient backgrounds and symptoms between cases testing positive 
by conventional rapid Ag assays and those testing positive by a novel AI-powered pharyngeal endoscopy system. The intro-
duction of this AI-based system into point-of-care influenza diagnostics—particularly for patients tested shortly after symptom 
onset, paediatric patients, symptomatic individuals with fever or cough, and those with a history of contact with infected per-
sons—may enhance diagnostic performance and help compensate for the limited sensitivity of conventional rapid Ag testing. 
Understanding the diagnostic mechanisms underlying each test will facilitate appropriate selection between Ag and AI testing, 
thereby supporting more accurate point-of-care diagnostics. Furthermore, this study underscores the potential of AI-powered 
medical diagnostic systems to advance pathogen differentiation in pharyngitis, including influenza and COVID-19.

Materials and methods

Ethics statement

This study was approved by the ethical review boards of Sasebo Memorial Hospital and Moriyama Clinic Ethics Com-
mittee, Japan (approval number 2023-09). The research involving human data use complied with all relevant national 
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regulations and institutional policies and was conducted in accordance with the principles outlined in the Declaration 
of Helsinki. Written informed consent was obtained from all participants; for participants aged <18 years, consent was 
obtained from a parent or legal guardian.

Subjects and data collection

Patients aged five years or older who underwent nasopharyngeal swab-based rapid antigen testing for influenza virus 
and COVID-19 were recruited from Sasebo Memorial Hospital and Moriyama Clinic between February 2024 and March 
2025. Rapid antigen tests were performed using kits from multiple manufacturers that are approved for clinical diagnosis 
and routinely used as point-of-care tests in outpatient settings. Patients younger than five years of age or those unable to 
comply with instructions for pharyngeal image acquisition required for AI testing were excluded from the study. A total of 
864 patients were registered in the study. Among them, 51 patients (5.9%) failed to complete the AI-based influenza test 
because the AI system was unable to recognize the pharyngeal images. Thus, 813 patients had valid results for both Ag 
and AI testing. Because patient background and symptom information were collected as mandatory inputs in the AI testing 
system prior to image acquisition, no data were missing for these variables, and all were used in the analyses for this 
study. In cases where the AI system diagnosed influenza infection in patients who were positive for COVID-19 antigen and 
negative for influenza antigen (COVID-19 Ag + , influenza Ag-, and influenza AI+), confirmatory PCR testing for COVID-
19 and influenza viruses was conducted using swab specimens at a commercial laboratory (Genesis Healthcare, Tokyo, 
Japan).

AI system

The AI-powered pharyngeal endoscopy system for influenza diagnosis was originally developed and reported by Okiyama 
et al. [5]. Briefly, the system operates as follows: (1) Input of background and symptom information: Patient background 
and symptom data—including sex, age, time of first symptom onset, history of contact with infected individuals, use of 
antipyretics, and influenza vaccination status—are collected at the outpatient visit and entered into the AI system as 
mandatory fields prior to testing. (2) Pharyngeal image acquisition: To ensure image quality, rapid continuous shooting (18 
images over 3.0 seconds) is performed to minimize motion blur. A light-emitting diode light source and a disposable clear 
camera cover are used to depress the tongue and prevent fogging from exhalation. The viewing angle is appropriately 
restricted to reduce image distortion. The system automatically recognizes the posterior pharyngeal wall; if recognition 
fails, image acquisition is repeated. (3) AI-based diagnosis: The diagnostic AI model was developed using pharyngeal 
images and background/clinical information from PCR-confirmed influenza cases. The model is an ensemble comprising 
a multimodal convolutional neural network (MM-CNN), a multi-view convolutional neural network (MV-CNN), and boost-
ing models. Data from 7,831 participants in the training stage and 659 participants in the validation stage, collected from 
hospitals in Japan, were used for model development. Pharyngeal images were ranked as the most influential predictors 
of influenza diagnosis, followed by body temperature and cough. The reported diagnostic performance of the AI model 
for PCR-confirmed influenza infection includes an AUROC of 0.90, with sensitivity and specificity of 76% and 88%, 
respectively.

Statistical analysis

Statistical analyses were performed using EZR (developed by Jichi Medical University, Saitama, Japan) [32]. To mini-
mize bias in symptom assessment attributable to COVID-19 infection, analyses of influenza test positivity were restricted 
to COVID-19 Ag- cases. Differences in symptom frequencies between influenza testing-positive and influenza testing-
negative cases were assessed using Fisher’s exact test. The sensitivity and specificity of the AI system relative to Ag 
test results were evaluated using the AUROC. The time from symptom onset to testing among the AI+ and Ag-, AI+ and 
Ag + , and AI- and Ag+ groups was analyzed using the Kruskal-Wallis test, followed by the Steel-Dwass test for post-hoc 



PLOS Digital Health | https://doi.org/10.1371/journal.pdig.0001233  February 11, 2026 14 / 16

comparisons. Multivariate binary logistic regression was conducted to identify patient background factors and symptoms 
associated with (a) AI positives (AI+ and Ag-) versus Ag positives (AI- and Ag+), and (b) false-positive AI results (AI false+) 
versus AI negatives (AI-) among COVID-19–infected patients. Patient background and symptom variables included in the 
multivariate models were those collected as mandatory input information for AI testing. To assess multicollinearity among 
the independent variables, variance inflation factors (VIFs) were calculated, and no variable exceeded a VIF of 5 (S6 
Table). Calibration was evaluated using the Hosmer-Lemeshow goodness-of-fit test, which showed no significant lack of fit 
(p ≥ 0.05) in each test (S6 Table).

Supporting information
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S2 Table. Differences in background and symptom frequencies between influenza testing positives (AI+ or Ag+) 
and negatives (AI- and Ag-). 
(XLSX)

S3 Table. Concordance between antigen (Ag) and artificial intelligence (AI) testing for influenza. P values by Fish-
er’s exact tests are shown.
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S4 Table. Difference in influenza vaccination frequency between AI positives and Ag positives. P values by Fisher’s 
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(XLSX)

S5 Table. Subgroup analyses of differences in background and symptom frequencies between influenza AI pos-
itives (AI+ and Ag-) and Ag positives (AI- and Ag+). Results from multivariable binary logistic regression analysis are 
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(XLSX)

S6 Table. Variance inflation factor (VIF) scores and Hosmer–Lemeshow goodness-of-fit test results for each 
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(XLSX)

S1 Fig. Sensitivity and specificity of AI testing relative to Ag testing. Receiver operating characteristic (ROC) curve 
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