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Background/Objective: Patients manage eczema at home with skin care between doctor visits. There are already some
digital tools for eczema care, mainly focusing on photo analysis and information access. Eczema flare-ups are linked to many
environmental factors. A patient’s condition changes over time, and each patient responds differently even under the same
environmental conditions. At-home self-care needs daily tracking. We built SkinGuard, a low-cost prototype to monitor these
factors and track skin changes over time.
Methods: We built a portable system using off-the-shelf electronic components and a standard Android smartphone to record
key factors that matter to eczema. We designed a Skin Condition Index (SCI) to weigh multiple inputs and combine them into
one metric for tracking each user over time. We call ChatGPT or Claude APIs to generate natural-language summaries. Tests
were conducted using seven calibration states. Data were collected from three volunteer users and de-identified (102 sessions,
510 readings).
Results: Our prototype is effective in calculating the SCI based on the measurement of the skin humidity, environment
parameters and skin pictures. The skin hydration sensor is calibrated with R2 = 0.9904 and RMSE = 2.91 AU. The symmetrical
site agreement was fair (ICC = 0.77) which needs further improvement.
Conclusion: We successfully developed an eczema monitoring tool, which can be easily used at home to measure, record and
track the symptom development and skin-care action effectiveness. To make it from a prototype to a product, we will focus on
improving the reliability and repeatability of the system.

Keywords: eczema; prototype; skin hydration; Skin Condition Index; longitudinal monitoring; patient-generated health
data

Introduction

Eczema, also called atopic dermatitis, is a chronic skin con-
dition affecting both children and adults1,2. It causes itching
and dryness, and may lead to more severe inflammation during
flare-ups3. Patients do daily skin care, such as moisturizing,
to manage it4. Because symptoms and environmental factors
affecting eczema change from day to day, tracking over time
could be more helpful for self-care.

Doctors use SCORAD, EASI, and POEM to measure
eczema severity5–7. But these measures are usually used in
clinical care or research, not for a family’s daily home use. For
example, SCORAD is a widely used metric that relies heav-
ily on doctor’s professional observations. Environmental fac-
tors like humidity and temperature matter for eczema8,9, but
weather reports only tell the humidity and temperature for a
large region, which may differ a lot from the room where the
individual lives. Even with a humidity and temperature track-
ing device, patients don’t have an easy way to connect them to
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their skin symptoms. Furthermore, without clear records link-
ing skin-care actions to specific symptoms and environmen-
tal conditions, patients usually have to rely on their memory
alone.

Current analysis shows that there are some apps, teled-
ermatology, and wearable sensors that can support remote
eczema management10–12. Some studies used mobile apps
and smartphone-based records13–16. Some apps provide skin-
care reference databases, while other systems involve patient-
operated devices17 and scratch sensors18. These approaches
typically capture a single signal related to eczema manage-
ment. So far, we have not found one that brings together envi-
ronmental sensing and image capture in a single system to log
and track these factors alongside symptoms over time, which
can provide patients with record-based trends and summaries.

As long-time eczema patients, we understand how impor-
tant it is to have such an easy-use portable device. We started
building a prototype. We didn’t pursue clinic-grade accuracy
on any single reading—just consistent enough to show change
and trend.
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Figure. 1 Three-layer architecture

Methods

Engineering Architecture

As shown in Figures 1 and 2, we built SkinGuard around a
three-layer pipeline.

The first layer is the sensing layer. It collects skin-humidity
signals, ambient humidity, ambient temperature, standardized
site information, and a visual record. We designed a Pulse
Width Modulation (PWM)–based sensing estimates skin hy-
dration through repeatable electrical response patterns during
controlled charge–discharge cycles.

The second layer is the Skin Condition Index (SCI) engine.
It takes and weights multiple inputs and combines them into
one number for within-user tracking. Our thinking was that a
user should be able to compare today’s reading against their
own past readings, not against some universal “normal” value.
That’s the main value of our design—tracking and reporting
on personal symptom trends.

The third layer is the reporting layer, which converts records
into natural-language summaries using OpenAI or Anthropic
APIs. This gives users a broader picture, showing not just the
current status, but also the trend and how similar situations
were involved and handled in the past.

We built the sensing layer into a portable device, which con-
tains a Bluetooth-enabled microcontroller to send everything
to a standard Android phone. The phone handles compute
and storage workloads, including SCI calculation, API call,
and historical data storage. A user can take a daily measure-
ment and build up patient-generated health data19 over time
that could support more personalized analysis. In the studies

we reviewed, we did not identify a system that combined all
of these components in the same workflow.

Sensing Module and Calibration

Our portable sensing module records ambient humidity, tem-
perature, and skin hydration signals. For temperature and hu-
midity, we used common off-the-shelf components. Clinical-
grade skin hydration sensors are expensive. But we realized
that for personalized eczema tracking, the absolute value of
skin hydration does not matter most. Every patient has his/her
own baselines. What matters is the consistent change from
that baseline over time that can show trends. So we decided to
build our own skin hydration circuit.

We designed a Pulse Width Modulation (PWM) based
sensing circuit that estimates skin hydration through re-
peatable electrical response patterns during controlled
charge–discharge cycles. The sensing path uses 5 kHz PWM
excitation and a peak-detection circuit. This sensing module
was built from off-the-shelf parts that keeps the cost low about
$20-$30 at scale.

We compared our sensor readings with a Corneometer,
which is a standard device for measuring skin hydration20.
We used seven reference points, from open circuit to wet con-
ditions, and ran the tests in a climate-controlled room (about
22°C ± 2°C, 50% ± 5% humidity) after letting subjects sit for
about 20 minutes. Skin hydration readings can vary with pres-
sure, skin site, environment and moisturizers21–23. We set the
contact force to be roughly 0.5 N. We also checked the circuit
limits with open-circuit and agar-gel conditions. and tried the
sensor on a few skin sites, such as the forearm, elbow, and
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Table. 1 Corneometer-linked calibration points available in the
project record

We designed a Pulse Width Modulation (PWM) based sensing circuit that estimates skin 
hydration through repeatable electrical response patterns during controlled charge–discharge 
cycles. The sensing path uses 5 kHz PWM excitation and a peak-detection circuit.  

This sensing module was built from off-the-shelf parts that keeps the cost low about $20-$30 at 
scale.  

We compared our sensor readings with a Corneometer, which is a standard device for measuring 
skin hydration20. We used seven reference points, from open circuit to wet conditions, and ran 
the tests in a climate-controlled room (about 22°C ± 2°C, 50% ± 5% humidity) after letting 
subjects sit for about 20 minutes. Skin hydration readings can vary with pressure, skin site, 
environment and moisturizers21,22,23. We set the contact force to be roughly 0.5 N. We also 
checked the circuit limits with open-circuit and agar-gel conditions. and tried the sensor on a few 
skin sites, such as the forearm, elbow, and palm. At each point, we recorded the Corneometer 
first, then our prototype. 

 

Table 1. Corneometer-linked calibration points available in the project record 

Measurement state Reference Hydration Value (AU) Prototype ADC voltage (V) 

Open circuit 0 0.08 

Very dry 12.5 0.45 

Dry 25 0.88 

Normal target 40 1.55 

Hydrated 55 2.12 

Very moist 70 2.58 

Saturated/wet 90 2.92 

 

Skin Condition Index  
The SCI formula produces a score from 0 to 20. It combines several inputs.    

SCIt = clip(0.30Pt + 0.25Vt + 0.15Et + 0.20Bt - 0.10Qt, 0, 20) 

In this formula, t is a long time. The clip function keeps the final score between 0 and 20.  

We assigned weights to each input based on how directly it relates to eczema symptoms.  

● Pt (Dryness risk) and Vt (Visible skin condition) : We assigned the most weight (30% 
and 25%) to them because skin hydration and visible condition directly represent how 
severe the symptom is. Vt is input by user/caregiver according to their observations.   

● Bt (personal baseline) was weighted at 20% because the same numerical reading can 
have different meanings for different people. Each individual's own baseline matters.  

Figure. 2 Detailed design view

palm. At each point, we recorded the Corneometer first, then
our prototype.

Skin Condition Index

The SCI formula produces a score from 0 to 20. It combines
several inputs.

SCIt = clip(0.30Pt+0.25Vt+0.15Et+0.20Bt−0.10Qt,0,20)

In this formula, t is a long time. The clip function keeps the
final score between 0 and 20.

We assigned weights to each input based on how directly it
relates to eczema symptoms.

• Pt (Dryness risk) and Vt (Visible skin condition) : We as-
signed the most weight (30% and 25%) to them because
skin hydration and visible condition directly represent
how severe the symptom is. Vt is input by user/caregiver
according to their observations.

• Bt (personal baseline) was weighted at 20% because the
same numerical reading can have different meanings for
different people. Each individual’s own baseline matters.

• Et was given 15% to account for environmental factors,
which both our own observations and prior studies (in-
cluding work on ultraviolet exposure, meteorological fac-

Table. 2 Definition of SCI inputs

● Et was given 15% to account for environmental factors, which both our own observations 
and prior studies (including work on ultraviolet exposure, meteorological factors, and 
wildfire-related air pollutiont24,25,26) suggest play a role in flareups. 

● Qt  is subtracted (10%) as a penalty for poor-quality readings. When a reading is low 
quality, Qt stays high, SCI stays low. Usually, a significant low SCI value contradicts a 
patients’ direct feeling. It is taken as a sign to remind the patient for a high-quality re-
measure. A threshold is also set to trigger an automatic re-measure requirement.  

We designed the SCI as an engineering metric for tracking individual eczema trends over time. 
This metric combines various influencing factors, the user's personal baseline, and data quality 
into a single score. The absolute number itself doesn't matter much. Instead, the relative change 
gives users more meaningful information. It tells users quantitatively how their skin and 
environment are changing, rather than relying on intuition and memory alone.  

We will review and iterate the weights with future larger datasets. We also think it may be 
helpful and interesting to compare it with existing severity measures27,28. 

Please refer to table 2 for each input’s definition.  

 

Table 2. Definition of SCI inputs 

 

Input Range Source Interpretation 

Pt 0-20 
The skin hydration sensor on 
SkinGuard device 

Lower skin hydration leads to higher Pt. 

Vt 
0-20 

 
User/caregiver observation 

Visible skin conditions: skin redness, dryness, 
scratching, and roughness. 

Et 0-20 
Ambient humidity and temperature 
readings from SkinGuard sensors 

Environmental risk. Dry, hot, or fast-changing conditions 
raise Et 
 

Bt 0-20 7-day user history stored on SkinGuard Personal baseline adjustment.  

Qt 0-20 
Four quality checks from different 
angles. 

A penalty based on four quality checks, including data 
completeness, range validity, contact stability and record 
usability. Low quality reading triggers a re-measure. 

 

Figure. 3 Inputs of the SCI formula

tors, and wildfire-related air pollutiont24–26) suggest play
a role in flareups.

• Qt is subtracted (10%) as a penalty for poor-quality read-
ings. When a reading is low quality, Qt stays high, SCI
stays low. Usually, a significant low SCI value contra-
dicts a patients’ direct feeling. It is taken as a sign to re-
mind the patient for a high-quality re-measure. A thresh-
old is also set to trigger an automatic re-measure require-
ment.

We designed the SCI as an engineering metric for tracking
individual eczema trends over time. This metric combines var-
ious influencing factors, the user’s personal baseline, and data
quality into a single score. The absolute number itself doesn’t
matter much. Instead, the relative change gives users more
meaningful information. It tells users quantitatively how their
skin and environment are changing, rather than relying on in-
tuition and memory alone.

We will review and iterate the weights with future larger
datasets. We also think it may be helpful and interesting to
compare it with existing severity measures27,28.

Please refer to table 2 for each input’s definition.

API-based AI Reporting Module

The module is an API-based layer that calls OpenAI’s GPT
or Anthropic’s Claude29,30. We take the current readings and
past records, format them, and send them to the API. Each
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Figure. 4 Conceptual structure of the Skin Condition Index (SCI)
framework

prompt includes de-identified current data, including ambi-
ent humidity and temperature, skin-humidity, images, recent
records, SCI values, and skin-care action labels. We use a
standard Android phone to run the API calls and display the
outputs.

To reduce the risk of large language models from generating
hallucinations31–33, we set rules for what the AI can and can-
not do. We do not allow the AI to give diagnostic advice. The
output is designed to give users current situation report, trend
summary and historical similar condition reference. It tells the
user today’s reading against recent records, their baselines. It
also references past skin-care actions that were effective under
similar trends and conditions. The report is written as a daily
skin-care summary. It can remind users to see their doctors if
symptoms get worse.

An output example is: “Your SCI score is 9/20. Overall
your skin is in general condition. There are some concerns
from your eczema photos: there are more yellow spots com-
pared with yesterday. The red spots have spread more than a
few days ago as well. Also, your environment today is drier.
Humidity is 20% lower and temperature is 5% higher than re-
cent days. A similar situation has happened two times in the
past month, more often than in previous months. You may
need to pay extra attention to your skin care or check with
your doctor.”

Data Sampling and Statistical Analysis

Our testing data came from three volunteer users. The data
were recorded between November 17 and December 22, 2025.
Users measured ambient humidity, temperature, and skin hy-
dration with our testing device. The data were sent to their
own phone via Bluetooth for daily recording. They also used
their phones to take eczema photos. They took measurements
twice a day, before and after school, at five body sites: left
elbow, right elbow, back of left knee, back of right knee, and
hand.

Table. 3 Three workflow demonstrations

Figure 5. Daily-use workflow  

 

 

 

Table 3. Three workflow demonstrations 

 

Scenario Structured input Report 

A stable baseline case 
Skin hydration signal near baseline; stable 
trend; SCI = 0 

Stable record, routine monitoring 
 

A moderate worsening 
case  

Lower skin hydration signal, 
warming/drying environment, SCI = 9 

Worsening trend, skin-care attention  

A severe change 
Very low skin hydration signal, visible 
severe indicators, SCI = 18 

High-attention language, advice for 
doctor visits. 

 

 

Sensor calibration result 
Based on our raw data, we used a second-order polynomial to calibrate the sensor. The calibrated 
quadratic curve was: H_AU = 3.0027V² + 20.3282V + 1.1682. Here V is the device output 
voltage, and H_AU is the calculated hydration value in arbitrary units.  

From the analysis, we found out that R² = 0.9904, RMSE = 2.91 AU, and max residual = 3.87 
AU. The R² is close to 1 which indicates that the sensor output is well correlated with the skin 
condition and the fitted quadratic function can represent the hydration status. The max residual is 
relatively small given the hydration range is 0-100 AU. 

We analyzed 102 session records, with a total of 510 site-
level skin-humidity datapoints.

Calibration of the sensing module was done under con-
trolled environmental conditions.

We have a detailed introduction regarding the data sampling
in Figure 8. To compare paired measurements34, we used
Bland-Altman plots to display the results and we used ICC
(intraclass correlation coefficient) to estimate consistency35 of
the data.

Since some of our analysis used paired left-right readings
rather than the measurements at the same point, we report
these as exploratory contralateral-site agreement results, and
we calculated the ICC by using a two-way absolute-agreement
model. Because the data is not normally distributed, we re-
sampled paired data and used bootstrap to calculate the 95%
CIs.

Ethics, Privacy, and Data Handling

The testing data came from three volunteer users. We obtained
written permission from each user (or their guardian).

Regarding privacy, we have removed direct identifiers, in-
cluding names, contact info, dates of birth, and addresses for
all volunteers.

For the testing data, we asked the volunteers to download
from their cellphone and send it to us after removing all sen-
sitive information. After we received the data, we did some
data processing to make sure these data are clean and in an
organized format, then these datasets were kept in password-
protected local storage. Only the project team has access. We
call APIs with de-identified fields. Raw skin images were not
shared publicly. Because we developed this prototype as a
high school student interest-driven engineering project, we did
not conduct a formal re-identification risk analysis which was
beyond the project scope.

Results

Prototype Workflow and API Report Demonstration

We run three scenarios to test the prototype workflow. The
system produced a report for each scenario with different out-
puts. Please check the table for each scenario description.
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Figure. 5 Daily-use workflow

Figure. 6 Sensor calibration and quadratic fitting

Sensor Calibration Result

Based on our raw data, we used a second-order polynomial
to calibrate the sensor. The calibrated quadratic curve was:
H AU = 3.0027V2 + 20.3282V + 1.1682. Here V is the device
output voltage, and H AU is the calculated hydration value in
arbitrary units.

From the analysis, we found out that R2 = 0.9904, RMSE
= 2.91 AU, and max residual = 3.87 AU. The R2 is close to 1
which indicates that the sensor output is well correlated with
the skin condition and the fitted quadratic function can repre-
sent the hydration status. The max residual is relatively small
given the hydration range is 0-100 AU.

We also did leave-one-out cross-validation (LOOCV) to
evaluate how much influence for each sample data. The re-
sult showed that RMSE increased to 6.66 AU (mean = 5.47
AU, max = 12.24 AU). This means that we still need more
data to have a more robust calibration result.

Sampling Results from Recorded Data

We recorded 510 valid datapoints: 3 volunteers across 36
days, 102 session records (5 data points per 1 session record).

Figure. 7 Leave-one-out cross validation (LOOCV)

Table. 4 Data analysis statistics

 

 

 

 

 

 

 

Table 4. Data analysis statistics 

Metric Value Interpretation 

Session records 102 Total session of recorded data 

Datapoints 510 Five locations/sites were captured for each session 

Bland-Altman bias -0.89% 
The average difference between symmetric test 
locations/sites 

95% CI for bias -1.63% to -0.14% Confidence interval for paired-site bias 

Limits-of-agreement (LoA) 
half-width 

−11.54% to 9.77% 
Half-width limits of agreement of paired-site, not the 
repeatability of the same location. 

Intraclass Correlation 
Coefficient (ICC, overall value) 

0.77 
(bootstrap 95% CI 0.70-0.84) 

Exploratory analysis of the paired-site agreement. 

 

Contralateral-site Bland-Altman and ICC assessment 
To better analyze the datapoints, we ran an exploratory assessment by pairing left-right elbow 
and left-right knee readings for comparison (left vs. right elbow, left vs. right knee, using python 
script). As listed in Table 4, the Bland-Altman bias was -0.89% with 95% CI of the bias from -
1.63% to -0.14%. The LoA was from -11.54% to 9.77%. The overall ICC was 0.77 (bootstrap 
95% CI 0.70-0.84), elbow ICC was 0.83 and knee ICC was 0.70. The lower knee ICC means a 
higher asymmetry at the knee test sites which aligned with the left-right difference data observed 
here (7.9% vs. 9.7%).  

Left and right elbows differ in thickness, sweat gland densities and friction exposure. So we take 
this only as a rough check that readings are consistent across skin-sites. 

 

For every datapoint, it comes with our estimated SCI value.
From the SCI distribution diagram, we found out 95% of the
SCI values are between 1-3 while the whole SCI score range
is 0-20. This aligned with the self reports from the volunteers
since their skin was in good or fair condition during the testing
period. We may need to get more data with different eczema
levels to better represent the whole range.

From the test data, we noticed the mean skin humidity was
different across different test locations. The result was close
between the left elbow, right elbow and right knee (7.9%-
9.7%). But the test result is much lower for hand (3.4%) which
suggests we may need to have a site-specific threshold in the
future to make the estimation more accurate.

Please note: the skin humidity is using percentage here (dif-
ferent compared to the sensor calibration hydration value AU).

Contralateral-site Bland-Altman and ICC Assessment

To better analyze the datapoints, we ran an exploratory assess-
ment by pairing left-right elbow and left-right knee readings
for comparison (left vs. right elbow, left vs. right knee, us-
ing python script). As listed in Table 4, the Bland-Altman
bias was -0.89% with 95% CI of the bias from -1.63% to -
0.14%. The LoA was from -11.54% to 9.77%. The overall
ICC was 0.77 (bootstrap 95% CI 0.70-0.84), elbow ICC was
0.83 and knee ICC was 0.70. The lower knee ICC means a
higher asymmetry at the knee test sites which aligned with the
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left-right difference data observed here (7.9% vs. 9.7%).
Left and right elbows differ in thickness, sweat gland den-

sities and friction exposure. So we take this only as a rough
check that readings are consistent across skin-sites.

Multi-day longitudinal Case

We analyzed one volunteer’s data over a multi-day pe-
riod (Figure 10) to understand whether our prototype could
give reasonable longitudinal estimation and recommendation.
From the data, there was a flare-up event on 12/06 with an SCI
of 7 (0-20 scale). Our prototype recommended that the can-
didate apply more moisturizer and avoid sunshine exposure.
The volunteer followed the recommendation, and the follow-
ing data on 12/15 showed a much lower SCI value, indicating
that the symptoms had improved during that period. This case
demonstrates that our prototype could provide a reasonable
SCI estimation and related recommendations. However, since
we didn’t have any clinical data or physician diagnoses yet,
the observed improvement of symptoms could not be clini-
cally verified.

Discussion

Engineering Value

Our methodology differentiates us in several key areas. Not
only did we capture eczema on the data side, but we also inte-
grated sensor readings like temperature and humidity, factors
which we know affect eczema severity. We combined sens-
ing, scoring, storing, and summarizing into a single pipeline,
so users can easily see their own history and trends over time.

Other groups have looked at pieces separately—clinical
scores5–7, teledermatology10–12, apps13–16, and wearable sen-
sors17,18. SkinGuard’s value is pulling these pieces together
into one workflow.

Trend-aware Self-monitoring and Patient-generated Data

The example of the 10-day use of the application shows in
what ways its use could be useful. Considering only a sin-
gle photograph or symptom score, it is not possible to under-
stand the relationship between the skin signal, environment,
and care of the patients with atopic dermatitis. However, by
providing users with the ability to monitor these three factors
together, SkinGuard can provide patient-generated data that
can be reviewed by the patients themselves or during visits to
their clinic physicians.

We did not consider in our design the need for doctors to
review this data or to ensure that the patients altered their care
routine after reviewing the data generated by SkinGuard. This
is data that we would consider collecting in the next stage of
development of SkinGuard.

Figure. 8 Data distribution summary

SCI and API Personalization

We designed the SCI to combine sensor readings, visual ob-
servations, environment, baseline, and quality all into one con-
sistent score. As we value transparency in the scoring process,
we kept the formula open so anyone can check how it works.
Because we don’t have enough user data to mirror clinical use,
we haven’t optimized these weights against clinical measures
like SCORAD or EASI.

The AP layer transforms data into natural-English. Since
the prompt includes both current and past data points, the out-
put is tied both to current conditions and historical data. We
didn’t need to train a custom AI to do this, and thus we haven’t
verified them in a clinical setting.

Practical Accessibility

Eczema is very common amongst both children and adults,
which is why we kept cost as a core design metric and goal.
Our system uses a standard phone for computation and data
storage, plus a purpose-built sensing device assembled from
off-the-shelf parts. We estimate the hardware to cost about
$20-$30 at scale. The API cost is less than $1 per user-month,
so the computing can be all done in the cloud.

Limitations

There were multiple limitations in this prototype. First, we
only had three users, and the testing time was short. Recruit-
ing more users and extending the testing period would help
validate the design more solidly. Second, we don’t have the
corneometer model number or unit-to-unit variability data, so
it is hard to reproduce calibrations under consistent conditions.
Third, the left-right site comparison is only a rough consis-
tency check; proving reliability would require more tests on
various skin sites. Fourth, most of our SCI values stayed in the
lower range, so we don’t know how the system performs dur-
ing severe flareups when the SCI score is higher. Fifth, image
quality was not consistent. Some images with poor lighting
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Figure. 9 Bland Altman paired-site plot

Figure. 10 Ten-day example

could affect visual assessment. Sixth, we did not run stress
tests on the API outputs. Finally, we understand that ethics
and privacy require stronger controls over how personal user
data than we what did. We would need to address this system-
atically before moving the prototype to public testing.

Conclusion

Eczema needs daily skincare actions and long-term monitor-
ing. Tracking over time matters. We built SkinGuard as a
portable, low-cost eczema tracking system to monitor skin
condition and environmental changes, as well as related skin-
care actions for everyday at-home use.

The prototype combines a purpose-built device, a smart-
phone, and an app. It adopts a three-layer architecture from
sensing data collection, to SCI calculation, then to reporting.

Off-the-shelf parts and a PWM-based circuit are designed and
calibrated to measure skin hydration. Ambient humidity and
temperature are collected from a standard chip integrated in
the device. The system takes these data, eczema images and
record skincare actions. Current and historical records are fed
into the SCI formula for within-user tracking over time. We
use ChatGPT or Claude APIs to generate a natural-language
summary. The prototype was tested and found to be work-
able. We are going to improve the system’s reliability through
a wider range of data sets and continue iterating the overall
design.
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