CASE STUDY - Al PRODUCT DEVELOPMENT

Is this strep throat?
An Al triage aid
for your phone

| developed an Al smartphone tool that helps screen
suspected bacterial pharyngitis from a throat photo — built
for patients in rural and low-resource areas, where the

nearest clinic can be hours away.
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PROJECT SNAPSHOT

TRIAGING STREP WITH YOUR PHONE

Project Snapshot

For a semester-long directed research project, |
partnered with a group of physicians to learn
how they assess strep throat, and then used
those insights to develop a computer vision
product that helps patients decide whether
they may need an in-person clinical evaluation
for suspected strep throat (bacterial
pharyngitis). A user takes a picture of their sore
throat with a smartphone, and the model
returns one of three results: "low likelihood
bacterial," "indeterminate," or "possibly
bacterial." Under the hood, it is a multi-stage
deep learning pipeline built from several
independently trained Convolutional Neural
Network (CNN) detectors that feed into a
Multilayer Perceptron (MLP) fusion classifier. |
built it to work on pictures taken by patients,
which are often blurry, dimly lit, or partially
obstructed. At the end of the project, | was
invited to guest lecture this project for a deep

learning Al course at the University of Southern
California, teaching this work as a case study
on developing Al products with noisy real world
data.

To guide the design, | ran an image-quality
survey with three clinicians and followed up
with physician interviews. | also hand-drew
3778 bounding box annotations to train an
exudate detector, which reduced false

Exudate 0.85

negatives by 44%. The system is optimized to Exudate 0.92_ @
rule out specific presentations of bacterial :,
pharyngitis, and it clears the project's 80% p
target for negative confidence (average D
confidence in ruling out the disease), landing at
84.4%. To prioritize patient safety, | calibrated it
to only give "rule out" answers when the model
is very confident, routing the rest to clinicians
for evaluation. Under this calibration, it
achieves 98% NPV at 90% sensitivity with 81%
specificity (5-fold CV, 387 patients).

The core output. The exudate detector marks the white patches on
each tonsil with a confidence score. Exudate on both tonsils is the
strongest positive signal the system has, and it overrides a rule-out.

90% 84.4% 0.80 3500+

Sensitivity Mean negative confidence AUC, outperforming all existing published Manually annotated bounding boxes for
5-fold CV (n=387) (target: 80%) models modeling
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HOW IT WORKS

TRIAGING STREP WITH YOUR PHONE

From a throat photo to a triage answer

The system looks where clinicians look first: the tonsils, for the white or yellow patches called exudate. It scores how sure it is and only answers when that score is

high. Everything else goes to a person.

The patient photographs - the Al screens and scores its confidence - unsure cases go to a clinician

exudate on both tonsils overrides a rule-out

-

PATIENT DETECTORS
Throat photo taken — Finds the tonsils

A phone photo taken at home:
often blurry, dim, or partly

hidden by the tongue. exudate, flash glare, or tooth.

The resulting tool aims to:

Q© Workon real patient photos: blurry, dim, and
badly framed, the way people actually
photograph their own throats

Q Rulestrep outrather than in, the direction the
data supports, with a confidence score on every
answer
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Two detectors crop the tonsils.
A third labels each white spot:

CLASSIFIER

o

Weighs the evidence

Both crops and the whole
photo are read, then combined
into one call with a confidence

score.

________________________________________________________________________

®) Look where clinicians look first: the tonsils, for
the white or yellow patches called exudate

®) Hand uncertain cases to a clinician instead of
guessing: a triage aid, not a diagnosis

~

TRIAGE

o

— | Answers only when sure

Confident scores become an
answer. The uncertain middle,
about 1in 3, goes to a clinician.

confirmed diagnoses retrain the next version (planned)

NEXT STEP

O+

Home or clinic

Unlikely strep: self-care at
home. Anything else: an in-
person visit.

Q© Telltrue exudate from flash glare and teeth, so
the model stops learning shortcuts

Q Improve with use: confirmed diagnoses retrain
the next version (planned)

Sz
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CONTEXT TRIAGING STREP WITH YOUR PHONE

The problem

Bacterial pharyngitis (strep throat) is a common reason people seek
care. It's one of the sore throat conditions where antibiotics can help People living more than 3 hours
— but left untreated, it can lead to serious complications like by car from a healthcare clinic

rheumatic fever, throat abscesses, or kidney problems.

In rural and low-resource communities, the nearest clinic can
sometimes be hours away in driving time, and people have to decide

whether the trip is worth it for a sore throat. A triage tool can help by

giving a confident recommendation when the signs are clear, and by China
Afghani 12.9M

clearly saying "see a clinician" when they're not. It supports the oM

decision without replacing the clinical visit. 2udan

This is a triage aid, not a diagnostic tool. ..’

® @ DR Congo
4.1M

Indonesia
8.4M

1 million 5 million 10 million

Travel time: Weiss et al. 2020, Nature Medicine. Population: WorldPop 2020 1 km mosaic. Boundaries: Natural Earth.

| created this visual to show the target users.
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DATA TRIAGING STREP WITH YOUR PHONE

Choosing a realistic dataset

This project uses a recently published dataset of 742 smartphone throat images, labeled bacterial or nonbacterial, that was intentionally captured with the poor
lighting, motion blur, and framing you’d expect from real users. Many images are hard to see, which makes modeling very challenging.

@ PGUPharyngitis Dataset @

The labels are also unreliable:

D 74 2 & Patient data & Clinical labels Q© Diagnoses came from physician opinion only
; (no lab tests), and each image was reviewed
cases 2 by 4 to 9 doctors.
. Deiamgic 4-9 physician
infoffation assessments per case

Q Doctors disagreed on most images, and

20 symptom & r% (&W f%\ 4’%\ some split evenly.
% indicators i [ i i L i I

Fever

Q Eachimage has a distribution of diagnoses,

Sore throat

B not a single definitive label.

Swollen lymph nodes SehR) :
4 ( é‘;\} Bacterial | -E{- Nonbacterial
... and 16 more h _

00000
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CLINICAL SIGNS - DATA AUDIT TRIAGING STREP WITH YOUR PHONE

Potential model features: what clinicians use when diagnosing bacterial pharyngitis

Clinicians rely on a combination of visual findings. Below are some of the cues they use, and the same cues | evaluated as candidate features for the model.

Tonsillar exudate Palatal petechiae Enlarged tonsils & erythema
White or yellow patches on the tonsils. A strong visual Red dots on the soft palate from broken capillaries. Highly Swollen tonsils may suggest infection, especially if
indicator of bacterial pharyngitis. specific when present, but rare in this dataset. asymmetric, but size alone does not confirm a bacterial
cause. Erythema is supporting context, not a definitive
sign.
Distractor features

Before training anything, | looked at every image in the 742-patient PGUPharyngitis dataset to examine distractor features. These can pull CNNs away from clinically relevant regions, so
many of the architectural decisions | made respond to these patterns.

Specular reflections Shadows Occlusion: tongue, lips, teeth, objects
Phone flash bouncing off saliva and mucosal surfaces; a The mouth's natural geometry produces unavoidable dark No model can recover information that isn't in the frame.
large source of model confusion. regions that can obscure key structures.
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CLINICIAN STUDY

TRIAGING STREP WITH YOUR PHONE

Insights from clinicians that shaped the architecture

Because | am not a clinician, one of the biggest challenges was figuring out what the model should look for, and how physicians actually read a throat image. To

answer that, | ran a study with three practicing physicians: an image-usability survey, where each rated a sample of dataset images on a 1-5 scale across

anatomical framing, lighting, sharpness, color accuracy, obstructions, and overall diagnostic usability — and a follow-up interview focused on the visual features

clinicians prioritize when evaluating sore throats.

QO Tonsillar exudate is the most predictive
visual finding
When asked what they check first, clinicians
said they scan the tonsils for exudate. | dropped
my uvula and posterior pharyngeal wall
detectors and refocused solely on the tonsils.

Confirmation of triage output

(O Absence of exudate is a partial rule-out signal

The absence of visible exudate provides a
meaningful negative signal — not sufficient on
its own, but informative enough to anchor a
rule-out approach when combined with other
information.

In the survey, clinicians also validated the 3 proposed model outputs:

OUTPUT 1

)

Likely non-bacterial

Conservative self-care delivered to the patient. Option to share
results with their PCP.
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-

OUTPUT 2

®

Indeterminate

Anatomy or model confidence insufficient. The system declines

to make a judgment; case routed to a clinician for review.

o

Clinicians tolerate visual imperfection, but
not missing anatomy

Blurry or poorly lit images were sometimes still
usable if the tonsillar regions were framed.
Clean images with cropped or occluded tonsils
were not. This shaped the training set and
guided image capture requirements.

OUTPUT 3

Possibly bacterial

Visual signs consistent with bacterial infection. Patient
prompted to seek in-person evaluation with a clinician.

7 USC -



THE KEY INSIGHT

TRIAGING STREP WITH YOUR PHONE

The goal shifted: ruling bacterial pharyngitis out instead of ruling it in

After auditing the labels, | manually annotated rough exudate and petechiae
across the dataset to see how individual visual features correlated with clinician
diagnosis and how common they were. Every feature was weakly correlated, with
the strongest (exudate) at r = 0.21.

However, there was a silver lining: among images with nothing resembling
exudate, almost none were bacterial. The dataset supported negative confidence
rather than positive confidence, potentially helping rule out exudative bacterial
pharyngitis.

The objective became reframed: instead of predicting "this is
strep" (which the data does not support), | made the system
identify "this is unlikely to be strep."

One consequence: | excluded the dataset's 20 structured symptom indicators
(fever, cough, etc.) from model training because their correlations were too weak
in this sample to justify the added complexity. This is dataset-specific. In other
contexts (e.g. Centor scoring), symptoms carry more signal, so future versions
trained on populations with stronger symptom-image correlation should revisit
inclusion.
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Which features predict bacterial infection?

Fever
Petechiae
Exudate + cough [N o.13
Exudate + fever [N o.14
cough [ o.14
Exudate [N o221

Pearson correlation of individual visual and symptom features in the PGUPharyngitis dataset with the
percent of clinicians diagnosing bacterial. Exudate should be a strong signal — but its only weakly
correlated in this data.

In this particular dataset, absence of exudate strongly suggests "not bacterial" (presence of

exudate is much less conclusive).

Patients with NO visible exudate Patients WITH visible exudate
~99.5% turn out to be non-bacterial A meaningful share are diagnosed bacterial

#USC



ARCHITECTURE

TRIAGING STREP WITH YOUR PHONE

The Technical Pipeline

The system is built from multiple independently trained CNN detectors and a separately trained classifier.

Q© Two Faster R-CNN tonsil detectors locate and crop the
left and right tonsillar regions; a multi-class exudate
detector runs in parallel on the whole image.

O Theclassifier consumes three feature streams — the
two crops plus the original whole image — each
processed by its own ResNet-18 backbone.

(Q Features are concatenated and passed to an MLP
whose softmax output produces both the predicted
class and a confidence score, which drives the
indeterminate band.

Q© The exudate detector contributes scalar features into
the same MLP fusion and also applies a deterministic
override when it detects high-confidence exudate on
both tonsils.
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Input Detection Features Fusion Output

Faster R-CNN ResNet-18
L tonsil L tonsil features
Smartphone ResNet-18 MLP fusion Prediction
image Whole image Classifier + confidence
Faster R-CNN ResNet-18 || concat
R tonsil R tonsil features

override gate

. Scalar features ... F !
Region statistics

ResNet-18 is used due to the small dataset and to avoid overfitting.

The override rule

DETECTOR
CLASSIFIER

confidently sees
exudate on BOTH
tonsils

says BUT

“non-bacterial”
OVERRIDE — FLAGGED

The override rule. The exudate detector helps catch false negatives with a rule-based override feature after the MLP
has made its classification.




DESIGN DECISIONS

TRIAGING STREP WITH YOUR PHONE

Key design rationales

I only included images where most doctors agreed on the diagnosis.

My rule was: if at least 75% of the doctors who reviewed an image agreed on a diagnosis, it
was included and labeled with their majority call. Out of 742 images, only 234 had full
agreement from every doctor — requiring unanimity would have thrown out too many
images, especially bacterial cases. But allowing too much disagreement would have left
me with untrustworthy labels.

Clinician agreement distribution (742 patients)

Unanimous 226 8 N=234

High agreement

(80-99%) 112 FEN N =130

Moderate agreement

(60-79%) o a4 N =203

Low agreement / split

(@0-59%) 40 100 35 N=175

@ Non-bacterial @ split (50/50) @ Bacterial

Confidence scores were used with triage predictions

Confidence bands

The MLP outputs a confidence score for each
prediction, not just a bacterial or non-bacterial Wider
label. I then grouped the results into the three
triage bands based on that score. tndeterminte

Possibly bacterial

Likely non-bacterial

This approach keeps the system flexible
because the model probabilities stay the same idde
while the triage thresholds can be tuned.

Narrower

Possibly bacterial

Indeterminate

Likely non-bacterial
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ROIs were cropped to focus the model on relevant features
Clinically relevant tissue is concentrated in the
tonsillar regions. Teeth, tongue, and lips are not
diagnostic and can add noise the classifier may
latch onto.

By cropping to the relevant areas, we teach the
CNN where to focus. This also improves

interpretability: clinicians can see what drove
the decision, overall impression, exudate, and
which tonsil.

Green =my annotation. Red = the right
tonsil detector's prediction, found with high
confidence.

I also removed 100 clinically unusable images from the training data

I looked through the images the clinicians had rated as unusable and then removed
similar-looking ones from the dataset. They wouldn't have given the model much to learn
from:




EXPERIMENTS TRIAGING STREP WITH YOUR PHONE

Iterating: identifying which interventions worked

Most research directions | pursued did not improve performance; the final system is built on the few that did. The sections that follow cover some of the many
iterations | did -- both successful and unsuccessful. | ended up logging 500+ runs in Weights and Biases for analysis and storage.

Directions tested, and how much

Here is a summary of the directions | tested and how much | tested each, one dot equals one experiment

ANNOTATION AND DATA QUALITY

Reviewing class balance and CV splits @ @® 2
Clinician-agreement label-threshold sweeps @@ 9®®® 5

Bounding box strategies @ 90900900 ® 8

MODEL ARCHITECTURE AND INPUTS

Alternative ROI-detector backbones @ @ @® 3
Whole-throat segmentation @ 1
Exudate detector architectures @ @ @ @® 4

Exploring which image regions get added 0 0 00 00000000 O 1S
MLP fusion architectures 9 0 0000900090009 10
Exploring which non-image sighals get added 0 @ @@ ® 5

IMAGE PREPROCESSING
Specular glare removal and CLAHE normalization @ @ @® 3

ROBUSTNESS TRAINING
Augmentations for RO| detectors 9 0 00000000000 OO 15

TARGETED DIAGNOSTICS
Specific diagnostics (edge cases, problem folds, etc) @@ ® ® 4

Each "experiment" included many, many runs -- a lot of time was spent iterating.

Eddie Simmens - Case study 11




EXPERIMENTS - ANNOTATION STRATEGY TRIAGING STREP WITH YOUR PHONE

Bounding-box strategy: multiple iterations

| started tonsil detection with loose boxes around each anatomical structure, but performance was poor. A MedSAM-based technique recommended by my
advisor helped improve accuracy. After follow-up clinician interviews clarified that exudate on the tonsillar region is the priority, and | saw exudate sometimes

appeared on the tonsil pillars, | expanded the boxes to a broader region. Three iterations:

V1 — Loose boxes V2 — Tight patches V3 — Broad tonsillar region

Loose crops around each structure. Detectors Conservative crops avoiding adjacent tissue. Improved Includes pillars and some soft palate to capture exudate
underperformed; the boxes captured too much non- precision but excluded areas where exudate occasionally wherever it appears. This version was used by the final
discriminative tissue. appeared. tonsil detectors. Boxes all end at the anterior pillar arch to

give the CNN consistent edge cues.

Refinement of the annotation strategy alone produced significant improvements in model performance.
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EXPERIMENTS - FAILURE ANALYSIS

TRIAGING STREP WITH YOUR PHONE

Iterative troubleshooting with attention maps:
the classifier focused on the wrong feature

The classifier consistently missed positive (bacterial) cases. To diagnose why, | extracted early layer feature maps from representative bacterial cases and

compared them to the input.

The classifier was relying on shortcut
learning — picking up on glare and
reflections instead of the true visual
signs of strep throat. | tried inpainting
the reflections, but that just introduced
texture artifacts the model fixated on
instead. Adding synthetic reflections as
augmentation helped only slightly.
Another strategy was needed.
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Whole image - original Whole image - feature map
A bacterial case. The white spots are phone-flash specular The model attends to the bright glare patches, not the actual
reflections off saliva — not exudate. The actual exudate sits exudate.

in the dimmer mid-tonsil region.

Left tonsil close up - original Left tonsil close up - feature map

Close-up of the same case. The exudate is faded — low Even in close-up, the model attends to reflections and
contrast, no clear edges. CNN early layers respond primarily mostly ignores the subtle gray exudate patch below.
to edges.

USC =



EXPERIMENTS - THE FIX

TRIAGING STREP WITH YOUR PHONE

The exudate detector

The solution was a separate detector that was specifically trained to tell exudate apart
from its look-alikes. | trained a multiclass object detector to label each white spotin a
throat photo as exudate, flash reflection, or teeth, using the same higher-quality external
dataset (PMC7440230) as | had primarily used for the tonsil detectors.

My first version had only tried to detect exudate, but it kept confusing exudate with teeth
or reflections. Adding the look-alikes as explicit classes solved that.

Annotating each individual reflection was time consuming: | drew 3,778
bounding boxes by hand, but it paid off in accuracy.

This detector supported the final model by generating numeric features (size, count, color,
and location of exudate, including which tonsil) for the MLP, and by enabling the
deterministic override rule that flipped a non bacterial prediction when it detected high
confidence bilateral exudate.

Annotations. Green boxes: exudate patches. Cyan boxes: specular reflections. The hand-
labeled distinction is what trained the detector to distinguish between them.

Eddie Simmens - Case study

A bacterial case with numerous reflections that distract a CNN from the gray exudate patches
on the tonsils.

Exudate 0.98 Eaudats 0/90

Exudate © D
| . j L Exudate 0.79
"L Fyudate 0.97 l—l - )

Exudate 0.92 ¢ ; 5
Exudate 0.94

-
~5
.

Predictions. Predictions on that bacterial image in the validation fold. The detector correctly
localizes most exudate tissue while ignoring nearby reflections. Blue = my annotations, pink =
model prediction.




EXPERIMENTS - WHAT DID NOT HELP TRIAGING STREP WITH YOUR PHONE

I tried segmenting out the tongue, teeth and lips — but it did not help

| trained a DeepLabV3 segmentation model to isolate the throat interior from teeth, lips, and surrounding tissue, intending to feed the mask into the MLP as a
fourth feature stream. The segmenter produced clean crops, but adding it didn't improve classifier performance — evidence that the existing three streams may
have already been capturing the relevant signal, and that further gains would need to come from elsewhere.

Best - deeplabv3 throat_v1_foldl
Image (ID:8) GroundTruth Pred (Dice=0.994)

P241|BACT [ p=0.35

/

Image (ID:6) Ground Truth Pred (Dice=0.992)

§

Worst - deeplabv3 throat v1_foldl
Image (ID:46) Ground Pred (Dice=0.936)

7596 | BACT | p=0.66

R Tonsi Masked

The Grad-CAM analysis was informative: the model sometimes used the

segmentation mask inconsistently or not at all. Grad-CAM is a regular tool in my
DeepLabV3 throat-interior masks: image, ground truth, and prediction, from best to worst. failure-analysis workflow.

Eddie Simmens - Case study St
Boy
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EVALUATION TRIAGING STREP WITH YOUR PHONE

Cross-Validated Results

5-fold stratified cross-validation on 387 patients (44 bacterial, 343 non-bacterial; 11.4% bacterial prevalence).

0.80 0.90 0.81 0.98

AUC Sensitivity Specificity NPV

At my chosen threshold, the model correctly identifies most
patients a physician panel would agree are unlikely to have a

bacterial infection. Sensitivity: bacterial cases caught
It reaches a 98% negative predictive value (NPV), meaning when the system says Modified Centor (clinical scale)
“non bacterial,” it is correct 98% of the time. However, positive predictive value is ~0.55

0 o . ) a0 e ) .
only 37% (0.37). Similarly, negative confidence is 84%, but positive confidence is PGUPharyngitis published baseline (Shojaci 2025)

46%. This is expected given the class imbalance -- there are only 44 bacterial 0.55
cases out of 387 training images. The model has enough data to learn what

i
bacterial infection does not look like, but not enough to learn what it does look This system

e I, 020

Part of how the system catches 90% of bacterial cases is by "knowing when it 00 o
doesn't know." About 35% of patients automatically get routed to a clinician

because the model isn't confident enough to answer (i.e. indeterminate) — and

the 90% reflects performance on the cases it does answer.

Even if you force the model to answer every case, no exceptions, it still catches

80% of bacterial infections — well above the 55% caught by the PGUPharyngitis How 387 patients flow through the triage model
pa per's beSt pu blIShed basell ne. Likely non-bacterial (cleared) Indeterminate Likely bacterial
(n=181) (n=137) (flagged)
3 (n=69)

@ cCorrect @ Low confidence @ Incorrect
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EVALUATION

TRIAGING STREP WITH YOUR PHONE

Performance against targets

My advisor set two targets: =80% mean confidence on negative predictions and =50% on
positive predictions. The system met the first (84.4%) but missed the second (45.8%). This
matches the dataset-level asymmetry: exudate is strongly negative-predictive but weakly
positive-predictive, leading to high NPV but low PPV.

When the model says “it’s probably not a bacterial infection,” it’s
right 49 of 50 times

® = missed bacterial case (1 in 50)

Does it generalize?

| wanted to see if the model would work in the real world, which meant | needed to test it
on a completely different set of images the model had never seen before. So | ran the
trained model against two other public smartphone throat datasets: Roboflow's
"Pharyngitis Detecting" (358 images) and Kaggle's "Pharyngitis Images" (335 images). The
model held up: AUC of 0.87 and 0.89, respectively.

0.87 0.89

AUC on Roboflow "Pharyngitis Detecting" AUC on Kaggle "Pharyngitis Images" (335
(358 images) images)
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My pipeline outperforms all published

baseline models on the throat images

The 20 published baseline models reached 0.53 to 0.68 AUC when distinguishing bacterial
from non-bacterial throats. My model achieved 0.80 AUC, showing major improvement.

Outperforms every published model on these throat images (AUC)

I 0.68 ConvNeXt - Cold city
_ 0.67 DenseNet121 - Warm city
I 0.65 DenseNet121 - Cold city
N 0.65 ConvNexXt - Redmi
I 0.64 DenseNet121 - All
I 0.64 ConvNeXt - Samsung
I 0.63 Swin - Redmi
I 0.63 MobileNet - Redmi
I 0.63 ConvNeXt - Warm city

20 baseline models I 0.62 Swin - All

(Shojaeietal. 2025) | [ 0.61 Swin - Warm city
. 0.60 MobileNet - Warm city
e 0.59 DenseNet121 - Redmi
I 0.57 Swin - Cold city
. 0.57 MobileNet - Samsung
I 0.55 MobileNet - All
P 0.55 MobileNet - Cold city
. 0.55 ConvNeXt - All
I 0.55 Swin - Samsung
P 0.53 DenseNet121 - Samsung

0.0 0.2 0.4 0.6 0.8 1.0

AUC (Area under the curve)

how well a model tells bacterial from non-bacterial apart




EVALUATION - EXAMPLES TRIAGING STREP WITH YOUR PHONE

Some difficult images my model was able to correctly identify as likely having strep throat

True = bacterial - predicted = bacterial - p(bact) = 0.40 True = bacterial - predicted = bacterial - p(bact) = 0.40 True = bacterial - predicted = bacterial - p(bact) =0.13

Examples of ROI detections

R Throat - Best Val (green=GT, red=pred) Vol s (pirk s = GT exudate
1010 fol =

Bes fate
Legend: GT exudate = cyan solid | Pred exudate = pink dashed (labeled) | Pred specular = gray dashed (unlabeled) | Pred teeth = orange dashed (unlabeled)

Exudate 10U0.52 TP:2 .0 N2 [pharyngitis image () gl

Left tonsil detector, best cases (green = ground truth, red = prediction) Exudate detector: exudate (cyan), reflections, and teeth
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NEXT STEPS

TRIAGING STREP WITH YOUR PHONE

Next Steps

Guided image capture: requirements

The capture step is the second half of the product. At the moment it is just a specification, | haven't built it yet. It would run
an on-device, real-time check that tonsils are framed, lighting is sufficient, and glare is below threshold before allowing

submission. Key requirements:

Q© On-device edge detection for anatomical
framing (not cloud)

Q© Trigger capture when alignment is correct

Deployment-driven model iteration

After launch, the system keeps improving. Every high
quality photo a patient submits can become a training
example for the next model version. That means everyday
product use steadily creates new labeled data, without
needing additional expert annotation. Each image can be
labeled automatically once the patient’s confirmed
diagnosis is available.

Eddie Simmens - Case study

Q Detect teeth dominance, shadow coverage, and

whether tonsil edges are in frame

Q Support multi-angle capture to reduce glare

and improve tonsil visibility

/

'Y More users, more data

Adoption increases upload volume,
growing the available training data.

N

C:} Throat Care
Telehealth
ANGLE CHECK
Guided Capture
Position your Hhroat e
in the frame v
LeFT
SIDE
v
l_ J RIGHT
sioe
@ Center your #hroat v
and keep mouth open
* Well guide you
i€ we need o
differend a”el‘

An example of how guided capture might work. The key is
getting images from multiple angles.

@ Better guided capture

Real-time on-device check before
submission: tonsils framed, glare low,

focus sharp. \
() @ More usable images
The interactive AI loop Each well-captured photo joins the next
training pool.
Routine product use generates training data.
Higher confidence & /

accuracy

Less indeterminate routing, more
committed decisions.

In a conventional supervised learning setup, additional training data would require additional expert labeling. An interactive Al loop
replaces some of that labeling effort with guided capture and confident routing — patients submitting well-captured photos
generate training examples as a byproduct of using the product. Labels come from diagnoses.
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THANK YOU

Triaging Strep with your Phone

An Al triage aid built with clinicians, on real patient photos, designed to know when it

doesn't know.

esimmens@gmail.com

Eddie Simmens - Product Developer + Researcher - Directed research, 2026
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