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ABSTRACT

Chronological age reflects time since birth, whereas biological ageing captures 
heterogeneous decline across cells, tissues, and organs. Composite biological age 
integrates biomarkers across organ systems, yet a feasibility-first pathway to translate 
organ-age theory into real-world monitoring and communication remains lacking. We 
present an implementation-oriented toolkit that classifies candidate biomarkers across 
cardiovascular, neurologic, pulmonary, renal, hepatic, musculoskeletal, immune, 
endocrine, and integumentary domains into functional ageing tests (e.g., grip strength, 
gait speed, reaction time, sleep architecture) and physiological markers (e.g., MRI-
based brain volume, IGF-1, cystatin C). To enhance interpretability, we introduce a fast- 
versus slow-ageing organ framework based on deviations from age-referenced norms. 
Crucially, all measures are organized into feasibility tiers: Tier 0 (low-cost, at-home tests), 
Tier 1 (routine, low-cost laboratory tests), Tier 2 (specialist-administered assessments), 
and Tier 3 (send-out or referral laboratory tests). We summarize accessibility, cost, 
recommended testing intervals, expected biological drift to reduce over-interpretation, 
and population-specific reference ranges. The proposed application enables individuals 
to input routine laboratory and functional data to visualize organ-specific trajectories 
and composite biological age for self-tracking and research purposes only, supported 
by human factors such as clear design principles and explicit clinical disclaimers.
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INTRODUCTION

The process of aging can be analysed by evaluating the cumulative burden of 
physiological decline acquired across each organ in the human body (Rutledge 
et al., 2022). Before delving into this area of ageing research, it is essential to 
clarify core definitions. Chronological age is defined as the numerical value from 
birth, whereas the biological age is the true value of the age reflected by the 
cumulative molecular and functional deterioration within individuals (Moqri et 
al., 2023). Compared with chronological age, the assessment of the biological 
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age offers greater clinical and research utility as this all-encompassing metric 
harmonizes the heterogeneity across multiple organ systems to better benchmark 
functional capacity and predict mortality. 

In our prior work evaluating organ-specific biomarkers to assess biological 
aging (Kakodkar et al., 2025), we proposed a preliminary framework 
to estimate composite biological age which allows for identification for 
optimizable organ domains for intervention or monitoring. An ongoing 
barrier to clinical translation is that most organ-age proposals do not 
sufficiently specify the finer details on these biomarkers in a non-pathological 
state, testing frequency, expected range for biological and analytic variability, 
economic and access equitable implementation, and how these results should 
be communicated to patients within scope. This study addresses these 
practical gaps and will create a patient-facing app which is designed for self-
tracking and research rather than diagnosis or treatment.

It is important to note that most composite biological age outputs collapse 
heterogeneous organ trajectories into a single summary value, which can 
obscure domain-specific patterns that are more actionable for monitoring 
and communications. To make this interpretation intuitive, we introduce the 
concept of fast- versus slow-aging organs. In this iteration of our framework, 
an organ is considered “fast-aging” when its domain-specific functional tests 
and/or physiologic markers deviate adversely beyond the expected range for a 
given chronological age. Conversely, an organ is considered “slow-aging” when 
these same measures are relatively preserved compared with chronological 
reference age range. These labels are intended as communication primitives: 
they highlight organ “hotspots” of significant acceleration or relative resilience 
and support hypothesis generation, triaging monitoring, and identifying 
modifiable targets. Notably, fast- versus slow-aging classification is best 
supported by trends over time rather than a single datapoint. 

The review integrates scientific rationale with practical implementation 
considerations for our previously proposed modular organ-specific aging 
model. We emphasize test feasibility constraints such as cost, access, testing 
frequency, and guardrails to prevent over-interpretation of trivial fluctuations. 
We also incorporate human factors and user experience principles, including 
clear visuals, consistent units, user customization levels, reference ranges, and 
plain language, alongside prominent disclaimers that results are intended for 
self-tracking and research purposes and that interpretation and any clinically 
indicated follow-up should be determined by a licensed physician.

This manuscript is intentionally positioned as a feasibility-first, pre-
implementation contribution. Prior to meaningful user evaluation or clinical 
validation of any interface, a conceptual framework must be established to 
define measurement parameters, determine appropriate testing frequency in the 
context of drift and variability, and specify communication strategies to minimize 
misinterpretation. Accordingly, a synthesis-driven toolkit and an evaluation 
roadmap are presented to assess whether the proposed presentation choices 
enhance interpretation accuracy and reduce false ‘fast-ageing’ classifications 
resulting from transient fluctuations.
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FROM THEORY TO IMPLEMENTATION: PRACTICALITIES FOR REAL-
WORLD ORGAN-AGE TOOLKIT

The feasibility-first organ-age framework aims to provide more granular 
detail beyond the basic nomination of interesting candidate biomarkers. The 
ideal outcome is the recommendation of tests that have defined measurements 
that can be obtained repeatedly, interpreted consistently against validated 
age-anchored ranges, and relayed safely across clinical and non-clinical 
settings with heterogeneous access. We therefore utilize the following design 
principles to facilitate with test selection, tiering categorization, scoring, and 
presentation of organ-age inputs.

Prioritizing Measures Obtainable in Routine Care, With Tiered 
Escalation for Higher-Resolution Phenotyping

The core test selection for the organ age assessment toolkit is anchored 
in tests that can be easily performed at home or are widely available as 
laboratory tests for primary care or outpatient workflows. Therefore, these 
routine-access tests are designated under tier 0-1 and include common labs 
and clinically standard measures such as estimated glomerular filtration rate 
(eGFR (CKD-EPI)), cystatin C, high-sensitivity C-Reactive Protein (hsCRP), 
Alanine Aminotransferase (ALT), Gamma-Glutamyl Transferase (GGT), 
and Insulin-like Growth Factor 1 (IGF-1), alongside low-burden functional 
measures such as grip strength, continuous press-ups, or unipedal stance 
test (eyes closed). Furthermore, highly specialized or costly tests remain 
important, but are presented as ancillary rather than prerequisites. These 
specialty-access tests are designated under tier 2-3 and includes tests such as 
pulse wave velocity (PWV), VO2 max testing, spirometry (FEV1), DEXA lean 
mass, FibroScan, MRI-based brain volumetry, plasma Neurofilament Light 
Chain (NfL), and T-cell senescence flow markers. This tiered designation 
preserves deployability while still enabling high-resolution phenotyping 
when feasible.

Ensure That Biomarker Candidates are Calibrated Against a Defined 
Reference Baseline and Have a Clear Clinical Interpretation for Any 
Directional Change

Selected biomarker candidates must possess an explicit relationship with 
organ-specific aging that can be explained in layman language. For example, 
an increase in PWV, cystatin C, hsCRP, and NfL generally reflect biological 
decline or accelerated ageing. Conversely, decrease in VO2 max, FEV1, grip 
strength, and DEXA lean mass reflect reduced functional reserve. Notably, 
directionality can be non-linear or clinically nuanced. For instance, liver 
enzymes like ALT which may initially increase with inflammation and 
metabolic stress but can paradoxically decrease in end-stage cirrhosis due 
to loss of hepatocytes. The framework proposed will explicitly state these 
known confounders to avoid overconfident labelling. 
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To maintain transparent, each measure is anchored to age-referenced 
percentile norms, allowing clinicians and users to evaluate the deviation of 
a biomarker from its expected chronological age baseline. Therefore, the 
outputs will rely on validated reference models that account for pertinent 
population factors such as sex and ethnicity. 

Propose Testing Frequency by Accounting for Cost-Effectiveness, as 
Well as Analytic and Biological Variability

Real-world implementation for aging biomarker panel requires guardrails 
against background noise. Many of the candidate biomarkers fluctuate due 
to physiological factors such as infection, sleep disruption, strenuous exercise, 
fluid status, in addition to standard analytic assay variability. Therefore, 
this framework cautions against over-interpreting isolated results without 
considering the expected variability and subsequent retesting intervals. For 
instance, High-sensitivity C-reactive protein (hs-CRP) blood test can show 
transient inflammatory spikes that may indicates chronic inflammation and 
assesses cardiovascular disease risk (heart attacks, strokes). Digit Symbol 
Substitution Test (DSST) is susceptible to practice effects, VO2 max is rapidly 
modifiable with deliberate training, are spirometry is pervious to technique 
and effort. Contrastingly, test such as DEXA and MRI are highly stable but 
cost-prohibitive and impractical for high-frequency testing. Defining the 
optimal testing frequency is vital for accurately longitudinal trajectories and 
designating organ phenotype as “fast-aging” or “slow-aging”.

Communicate Outputs Safely and Interpretably Through Human 
Factors, Flagging Uncertainty, and Clear Disclaimers

This framework is intended to facilitate self-tracking and research 
communication, not to provide clinical diagnoses. Therefore, results must 
be presented using consistent units, established clinical reference ranges, and 
layman language interpretations. Uncertainty should be flagged to highlight 
variability labels, confidence intervals in longitudinal trending, and warning 
for insufficient reference data. Notably, the reporting outputs should prioritize 
functional interpretability, utilizing visual tools such as organ-specific 
dashboards, data trending rather than opaque composite numbers. Lastly, 
prominent disclaimers will explicitly state that only a licensed physician can 
clinically interpret the results and determine if a personalized, organ-specific 
plan is warranted.

MODULAR DOMAINS AND FUNCTIONAL VS. PHYSIOLOGIC 
BIOMARKERS

Advancing our previous publication, we focused on nine critical domains 
for our toolkit; cardiovascular, neurologic, pulmonary, renal, hepatic, 
musculoskeletal, immune, endocrine, and integumentary. Various tests 
evaluating each of these domains can be classified into a two-class taxonomy 
that separates them based on functionality or physiology. This distinction 
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optimizes interpretability for both clinicians and users by explicitly indicating 
deviation resulting in reduced functional reserve (grip strength, DSST/reaction 
time, balance, VO2max, FEV1) versus altered organ’s physiologic integrity 
(PWV, cystatin C, eGFR, hsCRP, ALT/GGT, FibroScan stiffness, IGF-1, dermal 
elasticity, MRI-based brain volume, blood NfL, immune senescence flow 
markers). To operationalize translation, each test is assigned into a pragmatic 
Tier 0–3 feasibility scale. Tier 0 consists of home/self-admin functional tests 
requiring minimal equipment such as press-ups, sit-rise etc. Tier 1 includes 
routinely accessible lab tests such as eGFR, cystatin C, hsCRP etc. Tier 2 
includes specialty outpatient testing that is available at a tertiary center such 
as a comprehensive pulmonary function test, DEXA lean mass, FibroScan etc. 
Tier 3 includes advanced imaging or reference center specialized assays such 
as MRI volumetric analyses, plasma NfL, T-cell senescence phenotyping etc. 
Table 1 summarizes the high and moderate level tests in the Tier 0-1 feasibility 
scale. Table 2 summarizes the high and moderate level tests in the Tier 2-3 
feasibility scale. Variability levels (low/medium/high) in Tables 1-2 indicate 
the expected degree of fluctuation on a shorter time frame due to analytic and 
biological sources. The practical take away in interpreting these variability 
levels is to calibrate how strongly an isolated measurements represent a true 
value (low variability), or whether repeat confirmation is required in probable 
cases (medium variability), or in tentative cases (high variability). These 
translates to how much caution must be attributed before labelling any organ 
as fast/slow aging.

Table 1: Overview of  Tier 0-1 aging biomarkers by domain. Summary of testing 
frequency, estimated costs, and test cautions and considerations for assessing 
physiological and functional decline.

Functional / 
Physiologic
Biomarker 
[Domain]
(Tier)

Testing 
Frequency
[Variability]

Cost 
(CAD/
USD)

Caution/ Considerations Reference
[Evidence 
Level]

Functional
Continuous 
press-up
[CV]
(0)

Monthly
[Medium]

$0 Trend over ≥2–3 measurements; same 
conditions /time-of-day. Standardize 
cadence (80 bpm metronome). 
Stopping criteria must be strict (form 
breakdown).

(Yang et al., 
2019)
[Medium]

Functional
Sit-rise test
[MSK]
(0)

Monthly
[Medium]

$0 Trend over ≥2–3 measurements; 
same conditions /time-of-day. Scoring 
is 0–10. Subtract 1 point for every 
support (hand/knee) used. Validated 
largely in 50+ cohort.

(Brito et al., 
2014)
[Medium]

Functional
Sit-and-reach
[MSK]
(0)

Monthly
[Medium]

$0 Trend over ≥2–3 measurements; 
same conditions /time-of-day. Highly 
dependent on warm-up status. Always 
test after light activity, never “cold.”

(Mayorga-
Vega et al., 
2014)
[High]

(Continued)
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Functional / 
Physiologic
Biomarker 
[Domain]
(Tier)

Testing 
Frequency
[Variability]

Cost 
(CAD/
USD)

Caution/ Considerations Reference
[Evidence 
Level]

Functional
Unipedal 
stance test 
with eyes 
closed [MSK/
Neuro]
(0)

Monthly
[Medium]

$0 Trend over ≥2–3 measurements; same 
conditions/time-of-day. “Eyes Closed” 
is more age-sensitive. Ensure safety 
(spotter) for older adults.

(Springer et 
al., 2007)
[High]

Functional
Visual 
Reaction time 
[MSK/Neuro]
(0)

Monthly
[Medium]

$0 Avoid comparing early practice 
attempts; use average of 3 trials. 
Modifiers: Sex (males faster), 
education (higher = faster), and 
smoking status (slower) significantly 
affect the age slope. Use the same 
device to avoid hardware latency.

(Talboom et 
al., 2021)
[High]

Functional
Grip strength
[MSK]
(0)

1–3 months
[Medium]

$0 Same hand / position; average 3 
squeezes. Strongest single functional 
mortality predictor. Adjust grip width 
to hand size.

(Roman-Liu 
et al., 2024; 
Wang et al., 
2018)
[High]

Functional
Waist-to-hip 
ratio
[CV]
(0)

3–6 months
[Low]

$0 Use same tape method; focus on 
long-term trend. Superior to BMI for 
CV risk. Measure at narrowest waist 
and widest hip. Cutoffs in this study 
are specific to Han Chinese adults. 
Optimal targets may shift slightly for 
other ethnicities.

(Li et al., 
2014)
[High]

Functional
 DSST
[Neuro]
(0)

3–6 months
[Medium]

$0 Susceptible to practice effect: Use 
alternate symbol keys if testing 
frequently. Score sensitive to anxiety.

(Erdodi et 
al., 2017; 
Shaaban et 
al., 2023)
[Moderate]

Physiologic
eGFR (CKD- 
EPI)
[Renal]
(1)

6-12 months 
[Medium]

$5–$10 Hydration / acute illness affects; 
confirm persistent change. CKD-
EPI based eGFR has less utility in 
extremes of muscles mass such as 
bodybuilders / athletes / amputees. 

(Astley et al., 
2025; Waas et 
al., 2021)
[High]

Physiologic
Cystatin C
[Renal]
(1)

6-12 months 
[Medium]

$30–
$40

Repeat if recent infection / 
inflammation; interpret alongside 
eGFR. Thyroid dysfunction directly 
skews interpretation.

(Groesbeck 
et al., 2008; 
Sarnak et al., 
2008)
[High]

Physiologic
hsCRP
[Immune]
(1)

6–12 
months
[High]

$5–$15 Ignore single spikes with infection / 
exercise; require repeat normalization 
/persistence. Repeat in 2–4 weeks if 
elevated

(Gabin et al., 
2018; Wang 
et al., 2016)
[Moderate]

(Continued)

Table 1: Continued.
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Functional / 
Physiologic
Biomarker 
[Domain]
(Tier)

Testing 
Frequency
[Variability]

Cost 
(CAD/
USD)

Caution/ Considerations Reference
[Evidence 
Level]

Physiologic
ALT
[Hepatic]
(1)

6–12 
months
[Medium- 
High]

$5–$10 Avoid interpreting after strenuous 
exercise/illness; repeat before labelling

(Le Couteur 
et al., 2010; 
Najmy et al., 
2019)
[Moderate]

Physiologic
GGT
[Hepatic]
(1)

6–12 
months
[Medium- 
High]

$5–$10 Avoid interpreting after strenuous 
exercise/illness; repeat before labelling

(Long et 
al., 2014; 
Praetorius 
Björk & 
Johansson, 
2018) 
[Moderate]  

Physiologic
IGF-1 
[Endocrine]
(1)

12 months
[Medium] $40–

$60

Assay differences and nutrition 
status; interpret as trend not single 
value. U-Shaped Risk stratification as 
low levels is seen in frailty and high 
levels is seen in cancer risk.

(Conover & 
Oxvig, 2025; 
Stojanovic et 
al., 2021)
[High]

Cardiovascular (CV), musculoskeletal (MSK), high sensitivity C reactive protein (hsCRP), Alanine 
Aminotransferase (ALT), Gamma-Glutamyl Transferase (GGT), Insulin-Like Growth Factor-1 (IGF-1), 
Digit Symbol Substitution Test (DSST)

Table 2: Overview of  Tier 2-3 aging biomarkers by domain. Summary of testing 
frequency estimated costs, and test cautions and considerations for assessing 
physiological and functional decline.

Functional / 
Physiologic
Biomarker 
[Domain]
(Tier)

Testing 
Frequency
[Variability]

Cost 
(CAD/
USD)

Caution/ Considerations Reference
[Evidence Level]

Physiologic
Pulse wave 
Velocity (PWV) 
[CV]
(2)

6–12 
months
[Medium]

$100–
$250

PWV is blood pressure (BP) 
dependent. Hypertension 
artificially increases PWV. Must 
measure BP simultaneously to 
interpret true vessel stiffness.

(Díaz et al., 
2014; Vieira-
da-Silva et al., 
2025)
[High]

Functional
VO2 Max 
[CV]
(2)

6–12 
months
[High]

$150–
$300

VO2 max is effort dependent. 
Accurate assessment requires 
plateau in oxygen uptake. Non-
standardized platforms have sub-
max tests (GPS watches or cycling 
bikes) have 10–15% error margins.

(Hawkins & 

Wiswell, 2003; 

Kaminsky et al., 

2015; Mandsager 

et al., 2018) 

[High]

Table 1: Continued.

(Continued)
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Functional / 
Physiologic
Biomarker 
[Domain]
(Tier)

Testing 
Frequency
[Variability]

Cost 
(CAD/
USD)

Caution/ Considerations Reference
[Evidence Level]

Functional
FEV1
[Resp]
(2)

12 months
[Medium]

$50–
$100

This test is technique sensitive 
and requires “full blast” effort 
and 3 acceptable maneuvers 
are required. GLI equations for 
ethnicity adjustments must be 
incorporated.

(Quanjer et al., 
2012)
[High]

Physiologic
FibroScan
[Hepatic]
(2)

12–24 
months
[Medium]

$200–
$400

Fasting is required as this 
would prevent increase in liver 
stiffness. Additionally, Body mass 
index (BMI) >30 may require 
adequately sized probe for valid 
reading.

(Colombo et al., 
2011; Selman 
& Pardo, 2021; 
Sharma et al., 
2023)
[Moderate]

Physiologic
DEXA lean 
mass
[MSK]
(2)

12–24 
months
[Low]

$100–
$250

Dehydration can falsely lower 
lean mass readings. Scan must 
be performed at the same time 
of day and ideally the same 
hydration state.

(Kirk et al., 
2021)
[High]

Physiologic
Dermal 
Elasticity 
Cutometer R2
[Derm]
(2)

12 months
[Medium]

$100–
$250

Face and Arm skin viscoelasticity 
vary distinctly. Additional 
variables such as temperature, 
room humidity need to be 
accounted for as they effect skin 
viscoelasticity.

(Everett & 
Sommers, 2013; 
Ryu et al., 
2008)
[Moderate]

Physiologic
MRI based 
Brain Volume
[Neuro]
(3)

24–36 
months
[Low]

$700–
$1,500

Different scanners (1.5T vs 
3T) yield different volumes. T1 
weighted MPRAGE sequence may 
provide the optimal resolution for 
longitudinal tracking. 

(Bethlehem 
et al., 2022; 
Cumplido-
Mayoral et al., 
2025; Fujita et 
al., 2023)
[High]

Physiologic
Neurofilament 
Light Chain 
(NfL)
[Neuro]
(3)

12 months
[High]

$250–
$450

Concussion or head trauma 
causes massive spikes. The larger 
the BMI the higher the clearance 
of NfL

(Simrén et 
al., 2022; 
Sukhonpanich 
et al., 2025)
[High]

Physiologic
T-Cell 
Senescence 
Markers
[Immune]
(3)

12–24 
months
[Medium]

$120–
$180

Acute viral infection (influenza or 
CMV reactivation) can alter CD8 
subpopulations. Wait 4 weeks 
post convalescence.

(Chang 
et al., 2024; 
Terekhova 
et al., 2023)
[Moderate]

Cardiovascular (CV), Volume of Oxygen (VO2), Magnetic Resonance Imaging (MRI), Forced 
Expiratory Volume in 1 Second (FEV1), Respiratory (Resp), Global Positioning System (GPS), Tesla 
(T), Magnetization Prepared Rapid Gradient Echo (MPRAGE), Musculoskeletal (MSK), Global Lung 
Function Initiative (GLI), Dual-energy X-ray absorptiometry (DEXA), Cytomegalovirus (CMV)

Table 2: Continued.
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MODEL IMPLEMENTATION

Tables 1–2 data were sorted by whether tests can be measured at home 
(Tier 0), require routine laboratory access (Tier 1), specialist outpatient 
testing (Tier 2), and referred out testing (Tier 3). In this framework, Tier 
0–1 forms our basic core panel suitable for longitudinal trending due to 
the equitable access, while Tier 2–3 measures can be utilized selectively 
for fine modular refinement. Testing frequency is linked to expected 
actionable biological drift and assay/test variability. The economical 
Tier 0 functional tests can be repeated in frequent intervals and should 
be interpreted using moving averages. Conversely, most Tier 1 lab tests 
are better utilized at 6–12-month intervals in healthy individuals, with 
repeat testing as needed when results are suspected to be uninterpretable 
due to confounding variables. Notably, clinicians must consider the 
test’s variability labels, as they serve as a practical decision gate. The 
low-variability tests support stronger inference from a single large 
deviation, while the medium- or high-variability tests require trending for 
interpretation before designating them as fast or slow labels. As illustrated 
in Figure 1, physiological systems exhibit distinct aging velocities, with 
immune reserves and arterial compliance declining rapidly (>1.0% per 
year) while organ structure remains largely preserved until late life.

Figure 1: Aging velocity by organ system. Comparison of annualized decay rates across 
physiological systems reveals distinct “Fast Aging” (Immune, Arterial, Respiratory) 
and “Slow Aging” (Muscle, Brain Structure, Liver) trajectories. Source: Annual organ 
velocity was calculated from published age-stratified reference values (Tables 1–2 and 
references therein) and will be implemented in the MyOrganAge application. Original 
figure created using BioRender.com.
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Figure 2: Resource-optimized aging surveillance. This protocol significantly reduces 
5-year monitoring costs by replacing routine advanced diagnostics with a “screen-
and-confirm” logic. Expensive modalities (MRI, FibroScan, VO2 Max) are deployed 
only when distinct physiological signals indicate accelerated decay. Source: Based 
on unit costs and testing frequencies in Tables 1–2 (institutional estimates). Original 
figure created using BioRender.com.

Based on the aging velocity, test variability, cost, and tier type, we suggest 
a strategic 5-Year Testing Plan. Since functional decline precedes clinical 
physiological decline, it is therefore prudent that all tier 0 functional tests that 
have no cost burden be performed at least monthly. Figure 2 outlines a proposed 
lean testing plan for our modular organ ageing monitoring framework.

AGEING APPLICATION WITH HUMAN FACTOR SAFEGUARDS

Building on our model, we outlined a user-facing application (app) concept 
that is intended for self-tracking and downstream research communication. 
This app is not intended for clinical diagnosis or treatment. In this app, users 
manually enter the results of their Tier 0 functional tests and their Tier 1 
lab tests. Additionally, Tiers 2–3 results can be supplemented to generate 
an organ-domain dashboard correlated to the corresponding age-matched 
cohort, interpreted as conservative fast/slow labels with guardrails for 
variability and repeat-confirmation rules. Lastly, a longitudinal trajectory 
for many of these tiered tests will facilitate structured communication and 
triage, enabling monitoring to identify domains that merit repeat testing 
while avoiding optimization recommendations without clinician oversight.

 Human factors and user experience on this app remain central to safe 
translation of these biomarker findings. Firstly, outputs will be consistently 
reported in standardized units to avoid mixing reporting conventions. Secondly, 
each metric remains paired with the corresponding age-matched reference 
percentiles, represented by an intuitive visual cue (typical red-amber-green 
shading), so users interpret deviations relative to the literature rather than as 
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an absolute “good/bad” number. Thirdly, for each test, lab variability will be 
highlighted (low/medium/high), and warnings about known confounders, as 
shown in Tables 1-2. Lastly, the reporting language will be plain, non-alarmist 
jargon, brief explanations, and avoiding any diagnostic labels. To mitigate 
misinterpretation, the app interface highlights prominent disclaimers that the 
results are not diagnostic and that only a licensed physician should determine 
whether clinical follow-up is indicated. The app incorporates behavioral 
guardrails to reduce false signals such as requiring triplicates for reaction time 
test, encouraging consistent testing conditions, and defaulting to trend displays 
rather than emphasizing single values.

The planned evaluation will determine whether the proposed interface 
guardrails, including variability labeling, trend-first displays, and screen-and-
confirm escalation, enhance user interpretation. In a controlled task study, 
both lay users and clinicians will interpret standardized dashboards with and 
without these design elements. Primary outcomes will include interpretation 
accuracy, defined as correctly identifying fast or slow domains, error rates 
such as false alarms caused by single high variability datapoints, time to 
interpretation, and confidence calibration. This evaluation represents the 
immediate next step before broader clinical deployment.

CONCLUSION

The equity for lab testing is addressed by our tiered design. Most individuals 
can meaningfully monitor Tier 0–1 tests due to their low cost and wide 
accessibility. Notably, Tier 2–3 tests are suggested as ancillary refinements 
rather than prerequisites. A parallel equity concern is normative anchoring; 
reference datasets vary in representativeness, and outputs should avoid false 
precision when calibration is uncertain or population-specific. Fast/slow 
labels should therefore be interpreted as communication aids rather than for 
diagnoses and applied conservatively. Notable limitations include incomplete 
population calibration for some tests, confounding from comorbidity, 
medications, acute illness, and the absence of outcome-validated weighting 
for composite biological age in this iteration. Future directions will explore 
usability testing with patients and clinicians, reevaluate our proposed lean 
testing plan to refine thresholds, undertake cross-population calibration, 
audit for bias, and built a longitudinal validation linking organ-domain 
trajectories to clinical outcomes. To encapsulate, this feasibility-first modular 
application we call: MyOrganAge© integrates evidence-based biomarkers, 
cost constraints, access, testing frequency, and proposes a human-factors 
informed patient-facing app to improve interpretability and reduce misuse. 
Future work will empirically test these design safeguards in users to quantify 
effects on comprehension, error rates, and confidence calibration prior to 
clinical deployment.

Disclaimer: The undergoing research progress and development along with 
the application “MyOrganAge” it describes, is the proprietary property of 
researchers.
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