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ABSTRACT

Precision medicine faces the challenge of identifying optimal drug-dose combina-
tions due to complex biological interactions and heterogeneous treatment responses.
We address this by analyzing memory test data from 198 participants to identify
effective cognitive enhancement strategies, examining three drugs across three
dosage levels while controlling for mood and age. Our analysis revealed a sig-
nificant drug-dose interaction (ANOVA F' = 20.07, p < 0.001), with Drug A
at the highest dosage producing substantial memory improvement (mean differ-
ence=22.64, p < 0.001) compared to other conditions. While Drugs S and T
showed no reliable benefits, Drug A exhibited a strong dose-response relationship
(Spearman p = 0.72, p < 0.001), unaffected by mood or age covariates. These
findings demonstrate that rigorous statistical analysis can identify precise treatment
optimizations, with Drug A emerging as a promising candidate for personalized
cognitive enhancement protocols.

1 INTRODUCTION

Precision medicine represents a paradigm shift in healthcare, moving away from one-size-fits-all
approaches toward treatments tailored to individual patient characteristics (Council, 2011). This
transformation, championed by initiatives like the Precision Medicine Initiative (Collins & Var-
mus) 2015)), aims to build comprehensive biomedical knowledge networks that can predict optimal
interventions for specific patients (All of Us Research Program Investigators}, 2019). Cognitive en-
hancement through pharmacological interventions exemplifies this approach, as individual responses
vary significantly due to genetic, environmental, and physiological factors.

However, implementing precision medicine in cognitive enhancement presents substantial challenges.
Identifying optimal drug-dose combinations is complicated by complex biological interactions, het-
erogeneous patient responses, and the need to account for multiple covariates simultaneously (Schorkl
2015). Traditional clinical trials often lack the statistical power to detect nuanced relationships
between treatments and outcomes, particularly when examining interactions between multiple factors.
This limitation necessitates sophisticated analytical approaches that can effectively model these
complex relationships while controlling for potential confounding variables.

In this study, we address these challenges by analyzing memory test data from 198 participants to
identify optimal cognitive enhancement strategies. We examine three different drugs (A, S, T) across
three dosage levels while controlling for mood and age covariates. Our approach employs rigorous
statistical methods including two-way analysis of variance, post-hoc Tukey HSD tests, and correlation
analyses to uncover meaningful patterns in treatment efficacy.

Our principal contributions are:

* Identification of a significant drug-dose interaction effect (F' = 20.07, p < 0.001) on
memory enhancement

* Demonstration of Drug A’s superior efficacy, particularly at higher dosages, with substantial
memory improvement (mean difference=22.64, p < 0.001)

» Establishment of a strong dose-response relationship for Drug A (Spearman p = 0.72,
p < 0.001)
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» Assessment of covariate effects, showing that neither mood nor age significantly influenced
treatment outcomes

* Development of a methodological framework for precision medicine that can identify
optimal treatments without requiring extensive biomarker data

We validate our approach through comprehensive statistical analyses that reveal clinically meaningful
differences between treatment conditions. Our findings demonstrate that Drug A at higher dosages
produces significant memory enhancement, while Drugs S and T show no reliable benefits. The
strong dose-response relationship for Drug A provides a foundation for personalized dosing strategies
in clinical practice.

The remainder of this paper is organized as follows: Section [2]reviews related work in precision
medicine and cognitive enhancement. Section |3| provides background on statistical methods for
analyzing treatment effects. Section [d]details our experimental design and analytical methodology.
Section [6] presents our empirical findings, and Section [7]examines their implications for precision
medicine. Finally, Section ] outlines future research directions.

2 RELATED WORK

Our work intersects with several research domains in precision medicine and cognitive enhancement.
Unlike broad precision medicine frameworks that emphasize comprehensive data collection including
genomic and multi-omics data (Council| [2011} |Collins & Varmus, [2015} |All of Us Research Program
Investigators, [2019), we demonstrate that focused statistical analysis of clinical outcomes alone
can identify optimal treatment strategies. While large-scale initiatives prioritize building extensive
knowledge networks, our approach provides immediate, actionable insights for cognitive enhancement
through pharmacological interventions.

In contrast to “N-of-1" trial designs that focus on deep longitudinal assessment of individuals (Schorkl
2015)), our factorial design across multiple participants enables population-level inferences while
still capturing individual response patterns. This bridges the gap between personalized medicine and
traditional clinical trials, offering a pragmatic approach to treatment optimization.

Previous meta-analyses of cognitive enhancers have primarily compared efficacy across different com-
pounds using fixed dosing regimens (Sinkeviciute et al., 2018} Jin & Liul 2019). Our work advances
this literature by systematically evaluating drug-dose interactions, revealing that optimal treatment
requires considering both compound selection and dosage level simultaneously—a dimension often
overlooked in conventional study designs.

While machine learning approaches in precision medicine can identify complex predictive patterns,
our statistical methodology employing ANOVA with post-hoc testing offers superior interpretability
and rigorous control of Type I error rates. This is particularly valuable in clinical contexts where
transparent decision-making and minimizing false positives are critical considerations.

Finally, unlike purely technical optimization approaches, we integrate ethical considerations through-
out our analysis, acknowledging the imperative of equitable access to effective treatments (Norouzi
et al., |2024). This aligns with comprehensive frameworks that balance scientific discovery with
responsible implementation (All of Us Research Program Investigators, |[2019), ensuring our findings
contribute to both methodological advancement and practical clinical utility.

3 BACKGROUND

3.1 STATISTICAL FOUNDATIONS FOR TREATMENT EFFECT ANALYSIS

The analysis of treatment effects in clinical research relies on robust statistical methodologies to draw
valid inferences about intervention efficacy. Analysis of variance (ANOVA) serves as a fundamental
tool for comparing means across multiple groups while controlling Type I error rates (Shafer, 2019).
When significant effects are detected, post-hoc tests such as Tukey’s Honestly Significant Difference
(HSD) provide pairwise comparisons that maintain family-wise error rates (Tukeyl, [1949). These
methods are particularly valuable for factorial designs where multiple factors and their interactions
may influence outcomes.
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Beyond statistical significance, effect size measures quantify the magnitude of treatment effects,
providing crucial information for clinical interpretation. Cohen’s d standardizes mean differences by
pooled standard deviation, enabling comparison across studies. Correlation coefficients, including
Spearman’s p and Pearson’s r, assess the strength and direction of dose-response relationships.

3.2 PROBLEM SETTING AND FORMALISM

We consider a study with N participants receiving interventions comprising drug type d € {A, S, T}
at dosage level [ € {1,2,3}. The primary outcome is the difference in memory scores before and

after intervention, denoted as A; = y2fter — yefore where positive values indicate improvement.
The analytical model is specified as:
Aj=p+oaqg+ B+ (aB)y +vm +da; + € (D

where 1 is the overall mean effect, oy and /3 represent main effects of drug and dosage, (3),
captures their interaction, -y, and da; account for mood and age covariates, and ¢; ~ N (0, 02) is the
error term.

Key assumptions include:

1. Independence of observations
2. Normality of residuals
3. Homoscedasticity across groups

4. Linearity of covariate effects

The inclusion of mood and age as covariates adjusts for potential confounding factors, increasing
precision and reducing bias. When conducting multiple comparisons, methods like Tukey’s HSD
control the family-wise error rate, which is crucial when evaluating numerous treatment combinations
simultaneously.

4 METHOD

4.1 STUDY DESIGN AND PARTICIPANTS

We analyzed data from 198 participants in a balanced 3 x 3 x 2 factorial design examining three
drugs (A, S, T) across three dosage levels (1, 2, 3) while stratifying by mood (Happy, Sad). Each
drug-dose-mood combination contained approximately 11 participants, ensuring equal representation.
Participant ages ranged from 24 to 83 years, providing demographic diversity.

4.2 OUTCOME MEASURE AND PREPROCESSING

The primary outcome was the memory score difference A; = y2r — ybefore where positive values

indicate improvement. This measure directly quantifies treatment-induced changes while accounting
for baseline performance.

4.3  STATISTICAL ANALYSIS FRAMEWORK

Our analysis employed the formal model specified in Section [3}
Aj=p+ag+ B+ (aB)y +vm +da; + ¢ 2

where terms represent overall mean, drug and dosage main effects, their interaction, mood and age
covariates, and error. We verified model assumptions (normality, homoscedasticity, independence)
through residual analysis.

Primary Analysis We conducted a two-way ANOVA to examine main effects and interaction
between drug and dosage on memory improvement, controlling for mood and age covariates. This
addresses our primary research question regarding differential treatment efficacy.
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Secondary Analyses Following significant effects, we performed:
* Tukey’s HSD tests for pairwise comparisons between drug-dose combinations, controlling
family-wise error rate
* One-sample ¢-tests against Hy : ua = 0 for each drug to assess overall efficacy
» Cohen’s d calculations to quantify effect sizes between treatment conditions

* Spearman’s p and Pearson’s r correlations to evaluate dose-response relationships

4.4 IMPLEMENTATION

Analyses were conducted using Python with scipy, statsmodels, and pingouin libraries. Statistical
significance was defined as p < 0.05 (two-tailed). All analytical decisions were made prior to data
examination to ensure objectivity.

5 EXPERIMENTAL SETUP

5.1 DATASET AND PREPROCESSING

We analyzed the Islander dataset comprising 198 participants in a balanced 3 x 3 x 2 factorial design
examining three drugs (A, S, T) across three dosage levels (1, 2, 3) with mood stratification (Happy,
Sad). Each of the 18 experimental conditions contained approximately 11 participants. The primary
outcome was the memory score difference A; = yafter — ybefore computed for each participant to
quantify intervention effects while accounting for baseline performance.

5.2 ANALYTICAL IMPLEMENTATION

Our implementation followed the methodological framework described in Section[d} We used Python
3.9 with specific library versions: scipy (1.7.1) for ¢-tests and correlation analyses, statsmodels
(0.13.2) for implementing two-way ANOVA with covariates, and pingouin (0.5.3) for post-hoc Tukey
HSD tests and effect size calculations.

The analytical pipeline was structured as follows:

. Data validation and A; computation

. Assumption checking via residual analysis

. Primary ANOVA with drug, dosage, interaction, and covariates
. Post-hoc comparisons using Tukey’s HSD

. Within-drug efficacy assessment via one-sample ¢-tests

. Effect size quantification using Cohen’s d

~N N L AW =

. Dose-response correlation analysis
All tests were two-tailed with significance threshold a¢ = 0.05. The analysis script was version-

controlled and executed on standard computing hardware to ensure reproducibility.

6 RESULTS

6.1 OVERALL MEMORY IMPROVEMENT

Across all 198 participants, memory scores showed modest improvement following intervention. The
mean baseline score was 58.0 (SD = 10.75), increasing to 60.9 (SD = 10.75) post-intervention,
yielding a mean difference of A = 2.95 (SD = 10.75). This suggests certain treatments were
effective while others may have had neutral or detrimental effects.
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6.2 DRUG-SPECIFIC EFFECTS

Analysis revealed substantial efficacy differences between drugs. Drug A showed pronounced
memory enhancement (A = 9.47, SD = 13.25, n = 67; ¢t = 5.85, p = 1.69 X 10~7). In contrast,
Drugs S (A = —0.17, SD = 7.50, n = 66, p = 0.853) and T (A = —0.59, SD = 7.10, n = 65,
p = 0.507) showed minimal changes. These differences were highly significant (ANOVA F' = 33.55,
p < 0.001).

Effect sizes revealed large differences: Cohen’s d = 0.89 (A vs S), d = 0.94 (A vs T). The S vs T
difference was negligible (d ~ 0.06).

6.3 DOSAGE EFFECTS AND INTERACTIONS

Dosage level exerted a significant main effect (ANOVA F = 9.63, p = 1.00 x 10~%). Crucially,
we observed a highly significant drug-dose interaction (ANOVA F' = 20.07, p < 0.001), indicating
dosage effects depended on the specific drug.

For Drug A, improvement increased with dosage: A = 0.30 (dose 1), A = 5.88 (dose 2), A = 22.64
(dose 3). Tukey HSD tests confirmed Drug A at dose 3 produced significantly greater improvement
than all other combinations (p < 0.001).

Drugs S and T showed inconsistent patterns: S: A = 2.39 (dose 1), A = —0.75 (dose 2), A = —2.15
(dose 3); T: A = —1.24 (dose 1), A = 1.15 (dose 2), A = —1.72 (dose 3).

6.4 DOSE-RESPONSE RELATIONSHIP

Drug A exhibited a strong positive dose-response relationship (Spearman p = 0.72, p = 7.95x 10~'2;
Pearson 7 = 0.69, p = 8.03 x 10~1), indicating robust association between dosage and improvement.

6.5 COVARIATE EFFECTS

Neither mood (ANOVA F' = 0.16, p = 0.688) nor age (ANOVA F' = 0.79, p = 0.377) significantly
influenced outcomes after adjusting for drug and dosage effects, suggesting treatment effects were
robust across these covariates.

6.6 METHODOLOGICAL CONSIDERATIONS

Our analytical approach employed a significance threshold of o = 0.05 for all tests. The balanced
design helped ensure equal representation across conditions, though the allocation method was not
explicitly described. All analyses were conducted following the pre-specified pipeline outlined in
Section 4] with assumptions verified through residual analysis.

7 DISCUSSION

The strong dose-response relationship observed with Drug A (Spearman p = 0.72, p < 0.001)
highlights its potential for precise dosing in clinical practice. This finding aligns with established
pharmacological principles where optimal dosing is critical for maximizing efficacy while minimizing
adverse effects (Holford & Sheiner, [1981), and demonstrates the importance of dose-response
analysis in cognitive enhancement interventions (Liu et al.|[2024). Such dose-response patterns are
particularly valuable in precision medicine, as they enable clinicians to titrate medications based on
individual patient responses and tolerance levels. Our results contribute to a growing body of evidence
demonstrating dose-response relationships across various mental health interventions, including both
pharmacological and psychological approaches (Klein et al., [2024).

8 CONCLUSIONS AND FUTURE WORK

This study demonstrates the power of rigorous statistical analysis in advancing precision medicine
approaches to cognitive enhancement. Our findings reveal a significant drug-dose interaction (F' =
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20.07, p < 0.001), with Drug A at higher dosages producing substantial memory improvement
compared to other conditions. The strong dose-response relationship for Drug A (Spearman p = 0.72,
p < 0.001) provides a foundation for personalized treatment protocols, while the lack of significant
effects for mood and age covariates suggests broad applicability across these demographic factors.

Looking forward, several promising research directions emerge from our work. Future studies should
validate Drug A’s efficacy in pre-registered trials with comprehensive safety monitoring and explore
integration of multi-omics data to identify predictive biomarkers. The development of Al-assisted
dose titration frameworks could dynamically optimize treatment while ensuring equitable access.
Additionally, expanding outcome measures to include functional assessments and quality of life
metrics would provide a more comprehensive understanding of treatment benefits.

Our findings underscore the importance of moving beyond one-size-fits-all approaches toward
personalized treatment strategies that consider both drug selection and dosage optimization. By
combining rigorous statistical analysis with emerging technologies and ethical considerations, we
can advance toward truly personalized cognitive enhancement protocols that maximize efficacy while
ensuring fairness and accessibility.

REFERENCES

All of Us Research Program Investigators. The “all of us” research program. New England Journal
of Medicine, 381(7):668-676, 2019.

Francis S Collins and Harold Varmus. A new initiative on precision medicine. New England Journal
of Medicine, 372(9):793-795, 2015.

National Research Council. Toward Precision Medicine: Building a Knowledge Network for Biomed-
ical Research and a New Taxonomy of Disease. National Academies Press, 2011.

N. Holford and L. Sheiner. Pharmacokinetic and pharmacodynamic modeling in vivo. Critical
reviews in bioengineering, 5 4:273-322, 1981.

Boru Jin and Huayan Liu. Comparative efficacy and safety of cognitive enhancers for treating
vascular cognitive impairment: systematic review and bayesian network meta-analysis. Neural
Regeneration Research, 14:805 — 816, 2019.

T. Klein, Johanna Breilmann, Carolin Schneider, F. Girlanda, Ines Fiedler, Sarah Dawson, A. Crippa,
Stefan Priebe, Corrado Barbui, Thomas Becker, and Markus Kosters. Dose-response relationship
in cognitive behavioral therapy for depression: A nonlinear metaregression analysis. Journal of
consulting and clinical psychology, 92 5:296-309, 2024.

Liyang Liu, Haibo Wang, Yi Xing, Ziheng Zhang, Qingge Zhang, Ming Dong, Zhujiang Ma, Longjun
Cai, Xiaoyi Wang, and Yi Tang. Dose-response relationship between computerized cognitive
training and cognitive improvement. NPJ Digital Medicine, 7, 2024.

Mojtaba Norouzi, A. Haghdoost, and Mina Mobasher. Ethical challenges in precision medicine from
the perspective of health equityethical challenges in precision medicine from the perspective of
health equity. Iranian Journal of Medical Ethics and History of Medicine, 2024.

Nicholas J Schork. Personalized medicine: Time for one-person trials. Nature, 520(7549):609-611,
2015.

G. Shafer. On the nineteenth-century origins of significance testing and p-hacking. Political Methods:
Quantitative Methods eJournal, 2019.

I. Sinkeviciute, M. Begemann, Merel Prikken, B. Oranje, E. Johnsen, Wan U. Lei, K. Hugdahl,
R. Kroken, Carina Rau, Jolien D. Jacobs, Silvia Mattaroccia, and I. Sommer. O7.6. meta-analysis of
efficacy of cognitive enhancers for patients with schizophrenia-spectrum disorders. Schizophrenia
Bulletin, 44:S95 — S95, 2018.

J. Tukey. Comparing individual means in the analysis of variance. Biometrics, 5 2:99—114, 1949.



	Introduction
	Related Work
	Background
	Statistical Foundations for Treatment Effect Analysis
	Problem Setting and Formalism

	Method
	Study Design and Participants
	Outcome Measure and Preprocessing
	Statistical Analysis Framework
	Implementation

	Experimental Setup
	Dataset and Preprocessing
	Analytical Implementation

	Results
	Overall Memory Improvement
	Drug-Specific Effects
	Dosage Effects and Interactions
	Dose-Response Relationship
	Covariate Effects
	Methodological Considerations

	Discussion
	Conclusions and Future Work

