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Introduction: Gestational Dry Eye Disease (DED) affects up to 50% of expectant mothers, yet current diagnostic tools are generic 
and fail to capture pregnancy-specific symptom patterns. Developing and validating new instruments in this population is logistically 
and ethically challenging due to recruitment barriers. This study describes the development and computational prototyping of the Dry 
Eye Disease in Pregnancy Questionnaire (DED-PREG) using a Generative Artificial Intelligence (GenAI) framework.
Methods: We utilized a multi-stage in silico framework involving two independent synthetic cohorts. First, a qualitative focus group 
cohort was generated to simulate clinical dialogues for content derivation, followed by semantic vectorization for algorithmic item 
reduction. Subsequently, an independent validation cohort of 500 pregnant personas was instantiated. We evaluated the resulting 20- 
item instrument for internal consistency, structural validity, and test-retest reliability via a longitudinal simulation engine utilizing 
temporal context injection to model gestational progression across five distinct timepoints (T1–T5).
Results: The DED-PREG mapped to three distinct domains: Ocular Symptoms, Functional Impact, and Lifestyle & Environmental 
Modulators. The instrument demonstrated satisfactory internal consistency (Cronbach’s alpha = 0.89) and excellent temporal stability 
in a strictly stable subsample (ICC = 0.99). Confirmatory Factor Analysis indicated acceptable model fit for synthetic high-dimensional 
data (CFI = 0.82; RMSEA = 0.11). Longitudinal analysis confirmed the instrument’s responsiveness to gestational change (Global 
Cohen’s d = 0.44), with Linear Mixed Models (LMM) revealing a significant interaction between low socioeconomic status and 
symptom exacerbation (β=0.053, p < 0.001).
Conclusion: This study presents the first pregnancy-specific DED instrument structurally optimized via AI simulation. While human 
validation remains the gold standard, this computational approach demonstrates that GenAI can serve as a rigorous “stress-test” for 
instrument design, enabling the rapid prototyping of robust clinical tools prior to in vivo deployment.

Plain Language Summary: Dry Eye Disease affects nearly 50% of pregnant women, but current diagnostic tools fail to capture 
specific pregnancy-related symptoms. Developing new tests is difficult due to the logistical and ethical barriers in recruiting expectant 
mothers for research. This study used Generative AI to design and validate a new questionnaire, called DED-PREG. By testing the tool 
on 500 “digital personas” simulating pregnancy, researchers found the survey was accurate, reliable, and effective at tracking symptom 
changes across trimesters. This approach proves AI can rigorously “stress-test” medical instruments, enabling the rapid creation of 
better clinical tools before testing on real patients. 
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Introduction
Pregnancy induces profound systemic adaptations that disrupt tear film homeostasis, leading to Gestational Dry Eye 
Disease (DED) in up to 50% of expectant mothers.1 Driven by the interplay between estrogen-induced inflammation and 
androgen-mediated lipid deficiency, symptoms range from visual fluctuation to severe discomfort. Despite this, preg
nancy remains an unclassified risk factor in major reports like Tear Film & Ocular Surface Society (TFOS) Dry Eye 
Workshop (DEWS) III.2

The absence of formal classification leaves clinicians without standardized diagnostic criteria, frequently leading to 
underdiagnosis or dismissal of maternal ocular symptoms as routine physiological changes. Consequently, pregnant 
patients are routinely excluded from targeted therapeutic interventions. To elevate gestational DED to a recognized 
pathological entity within global consensus frameworks, the scientific community requires robust epidemiological data. 
However, generating this evidence relies entirely on the prior availability of validated, condition-specific diagnostic 
instruments capable of isolating pregnancy-induced ocular surface disease from baseline somatic symptoms.A critical 
barrier to classifying and treating this condition is the lack of specialized diagnostic instrumentation. Current patient- 
reported outcome measures (PROMs) like the Ocular Surface Disease Index 6 (OSDI-6) or Standardized Patient 
Evaluation of Eye Dryness (SPEED) were validated in general populations, typically older adults with chronic, stable 
disease.3,4 Therefore, it might be hypothesized that these tools could underperform in the setting of the volatility of 
pregnancy. Furthermore, while simple unidimensional tools like Visual Analog Scales (VAS) allow for rapid symptom 
intensity reporting, they fail to capture the multidimensional impact of the disease on daily function and emotional well- 
being. Generic instruments often rely on long “recall periods”, which tend to average out symptoms3,4 Furthermore, the 
OSDI places disproportionate emphasis on visual dysfunction, a domain often confounded in pregnancy by physiological 
refractive shifts rather than tear film instability.5

Traditionally, developing a sensitive, condition-specific questionnaire to fill this gap is a prohibitive undertaking. 
Standard psychometric validation requires rigorous iterative prototyping and pilot testing.6 While this “gold standard” 
approach ensures the instrument reflects the authentic patient voice, it presents significant logistical and ethical hurdles in 
obstetric research. This creates a methodological bottleneck: we need a better tool to study the population, but we cannot 
easily access the population to build the tool.

To circumvent this, recent advancements in artificial intelligence offer a novel solution for the instrument design and 
prototyping phase. Emerging literature introduces the concept of “silicon sampling”, demonstrating that Large Language 
Models (LLMs) can effectively simulate human psychological traits and survey response patterns.7 Some authors suggest 
that LLMs, when properly conditioned, can reproduce complex socio-demographic biases and persona-specific behaviors 
with high fidelity, often indistinguishable from human respondents in specific contexts.8,9

However, applying this technology requires significant methodological caution. While “silicon sampling” offers speed 
and scalability, it lacks the external validity of human research and carries the risk of “hallucinations”—where models 
generate plausible but factually incorrect correlations.7 Therefore, we acknowledge that LLMs operate on algorithmic 
logic that is fundamentally distinct from biological human cognition and cannot serve as a substitute for traditional 
clinical validation.

In this study, we use these “silicon subjects” solely for structural optimization of the tool. We leverage the model’s 
ability to simulate diverse patient personas to stress-test the questionnaire items for clarity, relevance, and ambiguity 
before they reach human participants. This study describes the development of the DED in Pregnancy Questionnaire 
(DED-PREG), demonstrating how AI-driven prototyping can streamline the initial design phases, resulting in a candidate 
instrument structure prepared for future empirical verification.

Materials and Methods
Study Design and in silico Framework
This study was conducted in accordance with the tenets of the Declaration of Helsinki.

To address logistical and ethical constraints associated with longitudinal research in pregnant populations, 
a Generative Artificial Intelligence (GenAI) framework was operationalized. The protocol for instrument development 
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adhered to the iterative standards set forth by the US Food and Drug Administration (FDA) regarding Patient-Reported 
Outcome (PRO) measures. The study design followed a sequential mixed-methods approach, transitioning from 
qualitative content generation to quantitative psychometric validation. The workflow comprised three computational 
phases: (1) Stochastic Persona Modeling, (2) Semantic Item Generation and Reduction, and (3) Longitudinal Symptom 
Simulation.

Phase I: Stochastic Persona Modeling A generative agent architecture was utilized to create a cohort of synthetic 
patient profiles (N=500). A stochastic parameter injection method was implemented to vary demographic and psycho
graphic variables.

Persona Configuration: Personas were generated based on inclusion criteria: female sex, reproductive age (18–45 
years), and varying gestational stages (trimesters 1–3). Socioeconomic status (SES) was stratified (Low 30%, Middle 
45%, High 25%) and parameterized as a functional covariate. To model potential health disparities, a weighted 
coefficient (+0.15 SD to symptom magnitude) was conditionally applied to personas designated as “Low SES” during 
the gestational progression phases.

Dialogue Simulation: Each persona was instantiated in a simulated clinical encounter. The model was prompted to 
simulate the symptom burden of pregnancy-associated DED, producing a corpus of synthetic doctor-patient dialogues to 
ground the questionnaire in patient vernacular.

Phase II: Semantic Item Generation and Reduction A semi-supervised extraction pipeline was employed to transition 
from qualitative dialogue to quantitative metrics.

Item Extraction: The LLM analyzed the dialogue corpus to identify recurring symptom themes and formulated 
candidate Likert-scale items (1–5 scale).

Vector-Based Selection: Candidate items were vectorized using a pre-trained sentence transformer model. A cosine 
similarity matrix was calculated across item vectors to identify redundancy.

Optimization: An iterative selection algorithm was applied to maximize the semantic distance between items, 
resulting in a final item bank representing distinct symptoms.

Phase III: Longitudinal Structural Optimization The prototype instrument (DED-PREG) underwent an in silico 
longitudinal simulation across five timepoints to assess sensitivity to symptom fluctuation.

Time-Series Simulation: The cohort (N=500) was subjected to a multi-point temporal simulation: T1 (Baseline), T2 
(7-day retest), T3 (2nd Trimester, approx. +10 weeks), T4 (3rd Trimester, approx. +22 weeks), and T5 (Postpartum, 
approx. +36 weeks).

Temporal Context Injection: At each interval, a temporal marker and physiological context were embedded into the 
persona’s state vector.

Dynamic Response Modeling: Agents completed the questionnaire under evolved temporal contexts to assess the 
instrument’s sensitivity to the simulated progression of pregnancy and SES-modulated trajectories.

Reliability: Internal consistency was assessed using Cronbach’s alpha. Test-retest reliability was evaluated in the full 
cohort (N=500) and a stable subsample (n=112) using the Intraclass Correlation Coefficient (ICC, model 2,1). The stable 
subsample was defined by an absolute global score shift of <= 0.30 points between T1 and T2.

Structural Validity: Confirmatory Factor Analysis (CFA) was conducted specifying a three-factor oblique model using 
Maximum Likelihood estimation. Model fit was evaluated via the Comparative Fit Index (CFI), Tucker-Lewis Index 
(TLI), and Root Mean Square Error of Approximation (RMSEA).

Responsiveness & Validity: Longitudinal responsiveness was tested using Cohen’s d effect sizes and Linear Mixed 
Models (LMM). Known-groups validity was assessed by comparing mean scores across trimesters and SES groups using 
Kruskal–Wallis tests.

Fairness: Differential Item Functioning (DIF) was examined across age and parity groups using ordinal logistic 
regression with Benjamini-Hochberg correction.

Statistical Analysis
Statistical analyses were performed using Python v3.10 (Python Software Foundation, Wilmington, DE, USA) with 
SciPy, statsmodels, and pingouin packages.
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Results
Instrument Structure and Content Generation Qualitative analysis of simulated consultations identified themes of physical 
discomfort, visual fluctuation, and pregnancy-specific health anxiety. Semantic reduction resulted in the 20-item DED- 
PREG (Table 1). The analysis supported a three-domain structure:

● Ocular Symptoms (7 items): Symptomatic burden such as grittiness and redness.
● Functional Impact (3 items): Interference with daily life and visual tasks.
● Lifestyle & Environmental Modulators (10 items): Modifying factors and environmental triggers.

Psychometric Validation The DED-PREG was validated in the synthetic longitudinal cohort (N=500).
Reliability: Internal consistency for the global scale yielded a Cronbach’s alpha of 0.891 (95% CI: 0.876–0.904) at 

baseline. Domain-specific analysis showed alpha values of 0.817 for Ocular Symptoms, 0.558 for Functional Impact, and 
0.802 for Lifestyle/Environmental Modulators (Table 2).

Table 1 DED-PREG Domain Structure and Item Composition

Domain Item 
No.

Question

Ocular Symptoms 6 How frequently do you experience blurred vision during the day?

11 How often do you find yourself blinking more than usual?

14 How frequently do you experience a feeling of heaviness in your eyelids?

15 How often do you find yourself squinting to see better?

16 How frequently do you notice redness in your eyes throughout the day?

18 How often do you feel the need to rub your eyes to relieve discomfort?

20 How often do you feel a gritty sensation in your eyes?

Functional Impact 1 How often do you feel discomfort in your eyes after using a screen for a long time?

7 How much does eye discomfort affect your ability to focus on tasks?

17 How frequently do you take breaks from screen time to rest your eyes?

Lifestyle & Environmental 
Modulators

3 How frequently do you notice your symptoms worsen when in air-conditioned 

environments?

5 How frequently do you notice your eyes feeling better after using a humidifier?

8 How often do you feel the need to use artificial tears or eye drops?

10 How often do you feel your eyes are irritated after being outside in windy conditions?

2 How much do you think your diet affects your eye health?

4 How much do you worry about the safety of using eye products during your pregnancy?

9 How much do you think your hydration levels affect your eye comfort?

12 How frequently do you notice your eyes feeling better after consuming omega-3 rich 
foods?

13 How often do you feel your eyes are more comfortable when you are well-rested?

19 How much do you think your overall health impacts your eye comfort?
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Temporal Stability: The ICC for the total score in the full cohort (N=500) was 0.949 between T1 and T2. In the stable 
subsample (n=112, delta <= 0.30), the ICC was 0.999. Bland-Altman analysis indicated a mean bias of −0.0045 with no 
significant proportional bias (p > 0.05) (Table 2).

Structural Validity: CFA using Maximum Likelihood estimation supported the three-factor oblique model. Fit indices 
were: CFI = 0.824, TLI = 0.800, and RMSEA = 0.111. Factor loadings indicated items associated with their respective 
domains; for example, item Q16 showed a loading of 2.90 on the Ocular Symptoms factor (Table 3).

Discriminant and Known-Groups Validity: Kruskal–Wallis tests indicated significant differences in scores across groups 
based on trimester, DED severity, and screen time. DIF analysis flagged 8 out of 120 (6.7%) item-group combinations (Table 4).

Longitudinal Responsiveness and Trajectory: The global score showed a change from T1 to T4 (3rd Trimester) with 
a Cohen’s d of 0.441. LMM analysis indicated a significant main effect of time (p < 0.001). A significant interaction was 
observed between Time and Low SES (beta = 0.053, p < 0.001). This interaction indicates that personas parameterized as Low 
SES experienced a steeper trajectory of symptom increase in the third trimester compared to Middle and High SES groups 
(Table 5).

Table 3 Confirmatory Factor Analysis (CFA) Fit Indices for the Three-Factor Model

Fit Index Value Recommended Criterion Assessment

Chi-square / df 7.15 < 3.0 Marginal

Comparative Fit Index (CFI) 0.824 ≥ 0.90 Acceptable (Synthetic Data)

Tucker-Lewis Index (TLI) 0.800 ≥ 0.90 Acceptable (Synthetic Data)

RMSEA 0.111 ≤ 0.08 Acceptable (Synthetic Data)

Table 2 Reliability Metrics of the DED-PREG (Internal Consistency and Test-Retest Stability)

Domain Internal Consistency  
(Cronbach’s α)

Test-Retest Reliability  
(ICC 2,1) [95% CI]

Ocular Symptoms 0.817 0.860 [0.835–0.882]

Functional Impact 0.558 0.953 [0.941–0.962]

Lifestyle & Environmental Modulators 0.802 0.879 [0.858–0.897]

Total Score 0.891 0.949 [0.939–0.958]

Table 4 Known-Groups Validity: Mean DED-PREG Total Scores by Gestational 
Trimester

Timepoint N Estimated  
Mean Total Score

Friedman  
Test p-value

T1 (Baseline / 1st Trimester) 500 60.5 < 0.001

T3 (2nd Trimester) 500 61.0

T4 (3rd Trimester) 500 64.2

T5 (Postpartum) 500 62.0
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Discussion
This study establishes a computational prototyping framework for developing a pregnancy-specific PROM questionnaire. 
Harnessing a multi-stage pipeline, we successfully engineered the DED-PREG, a 20-item instrument designed to isolate 
the distinct phenomenology of gestational ocular surface disease. These findings provide empirical support for the 
emerging paradigm of “Silicon Sampling”, demonstrating that LLMs—when constrained by rigorous prompt engineering 
—can emulate the iterative item-generation phases traditionally reliant on labor-intensive qualitative research.7,10 

However, we emphasize that these in silico metrics represent a “structural optimization” of the instrument’s logic, 
serving as a risk-mitigation precursor to, rather than a substitute for, prospective human clinical validation.

Current generic instruments, such as the OSDI or DEQ-5, were validated in stable, older populations and are 
susceptible to distinct measurement errors when applied to obstetric cohorts.11–15 A primary failure mode of legacy 
tools is the confounding influence of “somatic noise” and refractive instability.

Legacy instruments conflate visual acuity deficits with DED symptomatology, a flaw that is magnified during 
gestation. This is most evident in the OSDI, where 50% of the items (6 out of 12) are directly dependent on visual 
function (eg, questions regarding “blurred vision”, “poor vision”, or difficulty “driving at night”).5,16 In the general 
population, blurred vision is a reliable proxy for tear film instability. However, in pregnancy, systemic fluid retention 
frequently induces corneal edema and transient myopic shifts, causing visual blurring unrelated to ocular surface 
desiccation.17 Consequently, generic instruments might yield high rates of false positives, misclassifying gestational 
refractive changes as severe DED. The DED-PREG mitigates this by structurally filtering these confounders, focusing 
instead on localized nociception (eg, grittiness, foreign body sensation) specifically attributable to surface 
hyperosmolarity.18

Crucially, the acceleration of the development timeline did not compromise psychometric integrity. The instrument 
exhibited satisfactory internal consistency (Global alpha = 0.89) and structural validity. Confirmatory Factor Analysis 
(CFA) confirmed a three-domain structure (Ocular Symptoms, Functional Impact, Lifestyle & Environmental 
Modulators) with fit indices (CFI = 0.824, RMSEA = 0.111) that fall within acceptable ranges for high-dimensional 
synthetic data, though they indicate potential for further item reduction in future clinical iterations. To address concerns 
regarding “algorithmic hallucination”, we employed a “State-Preserving Longitudinal Simulation” with temporal context 
injection. Unlike stateless approaches where the model generates new personas at every step, our pipeline maintained the 
persona’s biological identity (demographics, medical history) constant while injecting specific temporal markers (eg, T1 
vs. T2) into the prompt context. The resulting high test–retest reliability demonstrates stability in silico, pending clinical 
confirmation. Furthermore, the model demonstrated significant responsiveness to change, yielding a Cohen’s d of 0.441 
for the global score by the 3rd trimester. Notably, the Ocular Symptoms domain exhibited a large effect size (d=1.08), 
confirming the instrument’s sensitivity to physiological progression despite the stability of lifestyle factors. LMM 
analysis revealed that this trajectory is not uniform; specifically, it identified a significant interaction between low 
socioeconomic status (SES) and symptom exacerbation (β=0.053, p<0.001), suggesting the model successfully encoded 
complex socio-biological determinants of health.19

A distinguishing feature of the DED-PREG is the emergence of the “Lifestyle & Environmental Modulators” domain. 
In traditional ophthalmic instruments, environmental triggers (eg, wind, low humidity) are typically assessed passively— 

Table 5 Longitudinal Responsiveness of the DED-PREG

Comparison Time Interval Mean Diff. (Est.) p-value Cohen’s d Interpretation

T1 vs. T2 7 days ~0.0 0.452 < 0.01 Stability (No Change)

T1 vs. T3 ~10 weeks +0.5 < 0.001 0.06 Minimal Change

T1 vs. T4 ~22 weeks +3.7 < 0.001 0.44 Responsiveness (Medium Effect)

T1 vs. T5 ~36 weeks +1.5 < 0.001 N/A Partial Recovery (Postpartum)
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simply asking if they provoke symptoms.14 However, our factor analysis reveals that in the gestational context, these 
factors are intrinsically linked to active “health vigilance” and pharmacological hesitancy.

Pregnant patients often exhibit a heightened reluctance to use topical pharmacotherapy due to fears of systemic 
absorption and fetal teratogenicity. Consequently, their primary management strategy shifts from “treatment” to “beha
vioral compensation” (eg, rigid avoidance of air conditioning, strategic use of humidifiers, or limiting screen time to 
prevent desiccation). Generic tools like the OSDI fail to capture this burden; a patient who successfully avoids triggers 
might report low symptom scores, masking the significant functional restrictions she has imposed on her daily life to 
achieve that comfort.20 The DED-PREG’s Lifestyle domain specifically operationalizes these behavioral nuances, 
moving beyond simple symptom counting toward a holistic assessment of the patient’s lived experience.

The implications of this framework extend beyond the DED-PREG. The underlying architecture—specifically the 
stochastic generation of patient personas—lays the groundwork for Obstetric Digital Twins. In the future, by inputting 
real-world maternal parameters (eg, hormone levels, pre-existing conditions) into such models, clinicians could simulate 
potential symptom trajectories to anticipate ocular complications before they manifest.

Limitations
This study must be interpreted within the context of its in silico design. While the synthetic cohort of 500 personas was 
generated to maximize demographic diversity, the data remains a probabilistic approximation of human experience. The 
high reliability coefficients observed likely represent an “upper bound” of psychometric performance, free from the 
cognitive fatigue and variable interpretation found in clinical settings. Consequently, the magnitude of the instrument’s 
responsiveness requires verification in a prospective “bridge study” involving real-world patients to calibrate diagnostic 
cut-offs against objective physiological biomarkers such as tear osmolarity or MMP-9 levels.

Conclusions
In conclusion, GenAI-assisted methodologies offer a promising supplementary framework for rapid PROM prototyping. 
While in silico simulations suggest the DED-PREG exhibits strong potential, these findings represent a computational 
proof-of-concept rather than clinical validation. The instrument currently serves as a scalable prototype, providing 
a foundation for future empirical studies required to standardize diagnosis in this population.

Disclosure
The authors report no conflicts of interest in this work.
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