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EXECUTIVE SUMMARY

This ambitious cohort study examines the risks of antipsychotic use in dementia patients using a 
large, valuable UK health record database. The study's strengths include its new-user, 
active-comparator design and commitment to transparency. However, the manuscript requires 
substantial revision before it can be considered for publication. The primary required changes 
involve addressing fundamental methodological and statistical issues, including the potential for 
time-varying confounding, refining overly broad clinical outcome definitions, applying corrections for
 multiple statistical tests, and providing essential diagnostics for the propensity score models. 
Furthermore, the clinical impact of the paper must be enhanced by translating statistical findings 
into more accessible metrics for practitioners. Addressing these major concerns is essential to 
ensure the robustness and validity of the conclusions.

DECISION LETTER

Editorial Summary: [Manuscript Title]

Manuscript ID: bNvTgHZsNbcWsvKGaM4z Date: 2024-05-24 Editor: AI Editor-in-Chief Number
 of Reviews: 7

Overview of Reviews

The manuscript was evaluated by seven independent reviewers, including experts in the clinical 
domain, statistics, and methodology. There is a strong consensus that the study addresses a 
clinically important question using an impressive dataset and a sophisticated methodological 
design. The reviewers universally acknowledge the ambition and potential impact of this work.

However, despite some reviewers recommending acceptance, every review identified one or more 
major concerns that fundamentally affect the interpretation and validity of the findings. The primary 
areas of concern relate to the handling of time-varying confounding, the specificity of outcome 
definitions, the adequacy of statistical reporting, and the clinical translation of the results.

Points of Consensus

Issues were independently raised by multiple reviewers, indicating they are high-priority areas for 
revision.
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1. Inadequate Propensity Score Diagnostics and Reporting — Raised by Reviewers 
[Statistical Methods Agent, Consensus Report]

   
- Both the dedicated statistical review and 

the consensus summary highlight that while standardized differences were reported, key 
diagnostics for the propensity score model are missing. This includes the distribution of 
propensity scores, an assessment of overlap (positivity assumption), and a summary of the 
resulting inverse probability of treatment weights (IPTW). Without these, the adequacy of the 
covariate balance cannot be fully assessed.

2. Heterogeneity and Lack of Specificity in Outcome Definitions — Raised by Reviewers 
[Domain Expert, Systematic Reviewer]

   
- The Domain Expert raised a major concern that key

 outcome definitions, particularly for "fracture," are overly broad and group clinically distinct 
events (e.g., low-trauma fragility fractures vs. high-trauma fractures). This lack of phenotypic 
specificity may obscure clinically important differences and bias the results. This aligns with 
the Systematic Reviewer's concerns about potential systematic bias.

3. Deficiencies in Supplementary Materials and Reproducibility — Raised by Reviewers 
[Adversarial Skeptic, Scientific Technical Reviewer, Systematic Reviewer]

   
- Multiple 

reviewers noted issues with the extensive supplementary code lists. Concerns include a lack of
 versioning and machine-readable formats, which hinders reproducibility (Adversarial Skeptic), 
inconsistent use of abbreviations (Scientific Technical Reviewer), and the overall structural 
organization of over 100 pages of supplementary material (Systematic Reviewer).

Points of Divergence

The primary point of divergence was the final publication recommendation. Several reviewers 
recommended 'Accept' or 'Revise and Resubmit,' while others recommended 'Reject.'

1. Final Recommendation — Reviewers [Domain Expert, Pragmatic Reviewer, Systematic 
Reviewer] vs. [Adversarial Skeptic, Statistical Methods Agent]

   
- The Domain Expert, 

Pragmatic Reviewer, and Systematic Reviewer recommended rejection based on fundamental 
flaws in outcome definition, clinical translation, and structure.

   
- The Adversarial Skeptic and 

Statistical Methods Agent recommended acceptance, despite also identifying major 
methodological and statistical flaws.

   
- Editor's assessment: According to journal policy, any

 manuscript with major, unresolved issues cannot be accepted. The concerns raised by all 
reviewers are substantial. Therefore, the appropriate decision is Revise and Resubmit. The 
authors should focus on addressing the major concerns, which will resolve the core issues that
 led to the 'Reject' recommendations.

Required Revisions

The following revisions are mandatory for the manuscript to be reconsidered for publication.

1. Address Time-Varying Confounding: The current analysis uses baseline covariate 
adjustment for a time-varying exposure. Antipsychotic treatment is often driven by 
time-updated clinical factors (e.g., symptom severity, acute illness) that also predict the 
outcomes. The authors must either implement a model that properly accounts for time-varying 
confounding (e.g., marginal structural models) or provide a robust justification for why the 
current approach is sufficient. — Source: Reviewer(s) [Adversarial Skeptic]

2. Refine and Justify Outcome Phenotypes: The definition of "fracture" is too heterogeneous. 
The primary analysis should be restricted to a more clinically relevant subgroup (e.g., 
low-trauma fragility fractures). The authors must review all outcome definitions for clinical 
specificity or provide sensitivity analyses to demonstrate that the findings are robust to the 
inclusion of heterogeneous events. — Source: Reviewer(s) [Domain Expert]
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3. Strengthen and Expand Statistical Reporting: The authors must provide comprehensive 
diagnostics for the propensity score model, including overlap plots and a summary of weights. 
Additionally, a formal correction for multiple testing (e.g., Benjamini-Hochberg) must be applied
 across the eight primary outcomes, and the results of model assumption tests (e.g., 
Grambsch-Therneau) must be reported. — Source: Reviewer(s) [Statistical Methods Agent]

4. Improve Clinical Translation and Temper Causal Language: The results must be made 
more accessible to clinicians by translating absolute risk differences into metrics like Number 
Needed to Harm (NNH). Furthermore, any language implying a definitive causal link must be 
softened to reflect the observational nature of the study. — Source: Reviewer(s) [Pragmatic 
Reviewer, Statistical Methods Agent]

5. Ensure Data Accessibility and Consistency: The verification agent could not extract data 
from Tables 1, 2, and 3. These must be correctly formatted and embedded. The inconsistent 
reporting of the VTE confidence interval between the abstract and main text must also be 
corrected. — Source: Reviewer(s) [Results Accuracy Verification Agent]

Recommended Revisions

These revisions are strongly encouraged to improve the manuscript's quality and impact.

• Improve Code List Reproducibility: Deposit all code lists in a public repository in a versioned, 
machine-readable format (e.g., CSV files) to ensure full reproducibility. — Source: Reviewer 
[Adversarial Skeptic]

• Discuss Limitations of Case Ascertainment: Explicitly discuss the potential for missed cases 
for outcomes like pneumonia and AKI, which were identified only from hospital data, and how 
this might affect the results. — Source: Reviewer [Domain Expert]

• Report Propensity Score Model Fit: Report the results of the Hosmer-Lemeshow test and 
consider supplementing with modern calibration plots, which are less sensitive to large sample 
sizes. — Source: Reviewer [Statistical Methods Agent]

Optional Suggestions

Authors may consider these suggestions at their discretion.

• Simplify the Abstract: Revise the abstract to lead with the clinical question and key findings 
before detailing the methodology, making it more accessible to a broader audience. — Source: 
Reviewer [Pragmatic Reviewer]

Editor's Comments to Authors

The reviewers and I commend you on tackling a question of significant clinical importance with a 
methodologically ambitious study. The use of a large, population-based dataset is a clear strength, 
and your commitment to transparency by providing full code lists is laudable.

As the reviews indicate, there is universal agreement on the potential of your work. However, there 
is also a clear consensus that several major issues related to methodology, outcome definition, and 
statistical reporting must be addressed. The required revisions are substantial but are intended to 
ensure your findings are robust, credible, and impactful. We believe that if you can thoroughly 
address these points, the manuscript will represent a significant contribution to the field. We look 
forward to receiving a revised version.

Editorial Decision
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Decision: Revise and Resubmit

Rationale: The manuscript addresses a critical clinical question with a strong dataset and 
advanced design. However, all reviewers identified significant concerns that must be addressed 
before publication. The consensus points to major, yet addressable, flaws in the handling of 
time-varying confounding, the clinical specificity of outcome definitions, the completeness of 
statistical reporting, and the translation of findings for a clinical audience. A major revision is 
required to rectify these issues.

REQUIRED CHANGES

1. Address time-varying confounding, as the current baseline-only adjustment is insufficient for a
time-varying exposure.

2. Refine and justify the clinical outcome phenotypes, particularly for "fracture," to ensure they are
specific and homogeneous.

3. Apply a formal multiple testing correction (e.g., Benjamini-Hochberg) across the eight primary
outcomes.

4. Provide comprehensive propensity score diagnostics, including overlap plots and a summary of
IPTW weights.

5. Report the results of model assumption tests (e.g., Grambsch-Therneau) for the Cox models.

6. Improve clinical translation by reporting metrics such as Number Needed to Harm (NNH).

7. Temper causal language to accurately reflect the observational study design.

8. Ensure all tables are correctly formatted and fully accessible for verification.

SUGGESTED IMPROVEMENTS

1. Deposit all code lists in a public repository in a versioned, machine-readable format to improve
reproducibility.

2. Explicitly discuss the limitations of using only hospital-based codes for case ascertainment of
certain outcomes.

3. Simplify the abstract to prioritize the clinical question and findings over methodological details.

4. Report the results of the Hosmer-Lemeshow test and consider supplementing with calibration
plots.

5. Harmonize the use of abbreviations within the supplementary code tables for clarity.
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Individual Reviewer Reports

Domain Expert
Model: gemini/gemini-2.5-pro

Review of Manuscript ID: [Manuscript ID]

Title: [Manuscript Title]

Summary Assessment

This manuscript describes an ambitious and methodologically sophisticated population-based 
cohort study examining the comparative risks of multiple adverse outcomes associated with 
antipsychotic use in people with dementia. The study leverages a world-class linked data resource 
(CPRD-HES-ONS), employs a state-of-the-art new-user, active-comparator design to mitigate 
common biases, and demonstrates an exceptional commitment to transparency by providing 
complete supplementary code lists. This work addresses a critical evidence gap and has the 
potential to be a landmark paper that directly informs clinical practice and prescribing guidelines for 
a vulnerable population.

However, the validity of the study's conclusions is currently threatened by significant issues within 
the phenotype definitions for both exposures and, most critically, several key outcomes. While the 
statistical design is rigorous, it cannot overcome fundamental flaws in how cases are defined. The 
primary concerns relate to a lack of clinical specificity and the introduction of confounding by 
indication at the phenotype level. Fortunately, these issues appear addressable through re-analysis 
and a series of sensitivity analyses, which the authors are well-positioned to conduct.

Major Concerns

1. Lack of Phenotypic Specificity and Heterogeneity in Key Outcome Definitions

• Location: Methods and Supplementary Appendices (all outcome code lists, particularly for 
fracture and stroke).

• Problem: The current phenotype definitions appear to prioritize sensitivity over specificity, 
grouping clinically heterogeneous events together. The most concerning example is the 
"fracture" outcome, which, based on the extensive code list, appears to lump together 
low-trauma fragility fractures (the outcome of primary clinical interest), high-trauma fractures, 
and pathological fractures secondary to other diseases. Similarly, there is a concern that the 
"stroke" outcome may include transient ischemic attacks (TIAs), which have different risk factors
 and prognostic implications.

• Field Context: In pharmacoepidemiology, precise phenotype definitions are paramount to avoid 
outcome misclassification bias. For studies of medication effects in older adults, the clinically 
relevant fracture outcome is almost always fragility fracture. Lumping all fracture types together 
makes the resulting effect estimate an uninterpretable average across disparate causal 
pathways. An association could be spurious, driven by agitated patients having more 
high-trauma falls or by patients with cancer having pathological fractures, neither of which would 
represent a direct pharmacological effect on bone health.
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• Specific Recommendation:
    

1. The primary analysis for fracture MUST be restricted to a 
validated definition of fragility/osteoporotic fractures (e.g., hip, vertebra, wrist, humerus) and 
should explicitly exclude codes for high-trauma events (e.g., skull fractures) and pathological 
fractures. The current broad definition can be reported as a sensitivity analysis.

    
2. The 

authors must clarify whether TIAs are included in the stroke definition. If so, a sensitivity analysis
 excluding TIA codes is required to assess the robustness of the findings for 
ischemic/hemorrhagic stroke.

• Impact if Unaddressed: The conclusions regarding fracture risk are currently invalid and 
potentially misleading to clinicians. Addressing this is critical for the manuscript's publication.

2. Potential for Uncontrolled Confounding by Indication within Phenotypes

• Location: Methods and Supplementary Appendices (exposure and outcome code lists).

• Problem: Confounding by indication appears to be introduced directly into the phenotype 
definitions themselves, a problem that cannot be fully resolved by covariate adjustment in the 
statistical model. Two examples are prominent:

    
1. Exposure: The antipsychotic exposure list 

includes combination products containing both an antipsychotic and an antidepressant (e.g., 
"Triptafen"). Patients prescribed these products likely have comorbid depression, which is itself a
 strong risk factor for many of the adverse outcomes being studied.

    
2. Outcome: The 

inclusion of "pathological fracture" codes in the fracture outcome definition directly introduces 
confounding by severe underlying diseases like metastatic cancer, which is the cause of the 
fracture.

• Field Context: A core challenge in observational research is separating the effect of the drug 
from the characteristics of the patients who receive it. Defining exposures and outcomes in a 
way that inherently includes other risk factors violates the principles of causal inference and 
biases the results in a way that statistical adjustment may not be able to fix.

• Specific Recommendation:
    

1. A sensitivity analysis must be performed that excludes 
patients initiated on combination antidepressant/antipsychotic products to isolate the effect of the
 antipsychotic agent.

    
2. As stated in the point above, all codes for pathological fractures must 

be excluded from the primary fracture outcome definition. This is non-negotiable for validity.

• Impact if Unaddressed: The reported associations may be partially or wholly attributable to 
comorbid depression or underlying cancer rather than the antipsychotic itself, rendering the 
study's causal claims unfounded.

Minor Issues

1. Potential for Incomplete Case Ascertainment for Hospital-Diagnosed Conditions

• Location: Methods and Supplementary Appendices (code lists for Pneumonia, AKI).

• Problem: Several outcomes, such as pneumonia and acute kidney injury (AKI), are defined 
using only hospital-based ICD-10 codes.

• Field Context: While these conditions are frequently diagnosed in a hospital setting, they can 
also be recorded and managed within primary care. By relying exclusively on secondary care 
data (HES) for case ascertainment, the study may miss a subset of events recorded only in 
primary care data (CPRD), potentially underestimating the true incidence of these outcomes.

• Specific Recommendation: The authors should explicitly justify the decision to use only ICD-10
 codes. Ideally, they would conduct a sensitivity analysis incorporating relevant primary care 
(Read/SNOMED) codes to confirm that the results are robust. At a minimum, this should be 
discussed as a limitation.

Page 6 of 42Generated by PeerGenius.ai



• Impact if Unaddressed: This could lead to an underestimation of absolute and relative risks, 
although if the case missingness is non-differential, it would likely bias relative risks towards the 
null.

2. Clarity and Usability of Supplementary Code Lists

• Location: Supplementary Appendices.

• Problem: While the provision of complete code lists is a major strength, their presentation as 
raw, multi-page, unstructured lists (particularly for fracture) limits their utility for other researchers
 seeking to replicate or build upon this work.

• Specific Recommendation: To maximize the impact and reproducibility of their work, the 
authors should structure the supplementary code lists. For fractures, this would involve grouping 
codes by anatomical site (e.g., Hip, Vertebral, Skull) and, if possible, by likely mechanism (e.g., 
Fragility vs. High-Trauma). This would significantly enhance the value of this excellent resource.

• Impact if Unaddressed: This does not affect the validity of the study but represents a missed 
opportunity to set a new standard for transparency and usability in the field.

Strengths

The manuscript has profound strengths that should be commended: 1. Clinically Important 
Question: The study addresses a question of immense clinical importance for a vulnerable 
population, aiming to provide a comprehensive risk profile to guide safer prescribing. 2. 
State-of-the-Art Design: The new-user, active-comparator cohort design is the gold standard for 
minimizing immortal time bias and confounding by indication in pharmacoepidemiology. 3. 
Exceptional Data Resource: The use of linked CPRD, HES, and ONS data allows for a 
comprehensive assessment of exposures, outcomes, and confounders across the healthcare 
system. 4. Transparency and Reproducibility: The authors' commitment to providing complete, 
unabridged code lists is exemplary and aligns with the highest standards (e.g., STROBE-RECORD)
 for research using routinely collected health data.

Overall Recommendation

Major Revisions.

This is a methodologically sophisticated study with the potential to make a very high-impact 
contribution to geriatric psychopharmacology. The strengths in study design and transparency are 
exceptional. However, the major concerns regarding the specificity and validity of the phenotype 
definitions currently prevent an endorsement for publication. The conclusions, particularly for the 
fracture outcome, are not supported by the current analytical approach.

I am confident that the authors possess the data and expertise required to address these concerns 
through the recommended re-analyses and sensitivity analyses. If they can demonstrate that their 
findings are robust after refining the outcome definitions to be more clinically specific and 
homogeneous, this manuscript will represent a significant and welcome advance in the field.
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Adversarial Skeptic
Model: openai/gpt-5.2

Summary Assessment

The manuscript tackles an important pharmacoepidemiologic safety question using a large, linked 
CPRD–HES/ONS cohort with long follow-up—an obvious strength for rare outcomes and absolute 
risk estimation. However, a consistent theme across the main methods/results (Section 1) and the 
supplementary phenotyping materials (Sections 2–4) is that several design/analysis choices and 
endpoint definitions plausibly introduce informative censoring, time-varying confounding, and 
outcome misclassification. These issues are not "nitpicks": they directly threaten the 
interpretability of hazard ratios as treatment effects and could produce spurious associations 
(especially if effects are modest).

Overall, the work looks potentially publishable, but only after major revision focused on (i) 
clarifying and tightening phenotype algorithms and (ii) adding robustness analyses appropriate for 
treatment changes and data-source heterogeneity.

Major Concerns (prioritized)

1) Time-varying exposure with baseline-only confounding control (time-varying
confounding / bias) — MAJOR

Location: Methods/Analysis (main manuscript; summarized in Section 1)  Quote (from the 
provided chunk review excerpt): "time-varying exposure with baseline-only confounding 
control"  Challenge: The authors implicitly assume baseline covariate adjustment is sufficient 
even though antipsychotic treatment in dementia is typically driven by time-updated symptom 
severity, acute illness, care setting changes, and healthcare contact, which also affect 
cardiovascular/fall outcomes. What if worsening agitation/behavioral symptoms both (a) prompt 
antipsychotic initiation/escalation and (b) increase fall risk, hospitalization, and mortality? Standard 
Cox models with baseline-only covariates can then attribute prognosis-driven risk to the drug.  
Why it matters: This can inflate harms (or sometimes mask them) and undermines any causal 
reading of the time-window HRs. Given the clinical sensitivity of antipsychotic safety, readers will 
likely interpret estimates causally unless the paper strongly walls that off.  Fix needed: - Explicitly
 state whether key confounders are measured time-updated (e.g., recent hospitalization, 
infections, delirium proxies, care-home entry, symptom proxies, medication changes). - Add a 
design/analysis that addresses time-varying confounding and treatment changes (e.g., marginal 
structural models with IPTW, g-formula, or at minimum sensitivity analyses using time-updated 
covariates and lagged exposure windows). - Provide an explicit causal estimand (intention-to-treat 
vs as-treated) and align censoring/exposure handling to it.

2) Comparator censoring / informative censoring when treatment status changes —
MAJOR

Location: Methods/Follow-up rules (main manuscript; summarized in Section 1)  Quote (from the 
provided chunk review excerpt): "comparator censoring"  Challenge: The authors assume that 
censoring comparators when they initiate antipsychotics (or otherwise handling switching) is 
non-informative. But what if initiation among comparators is triggered by acute deterioration (which 
also increases near-term outcome risk)? Then censoring is informative and can bias HRs (often 
away from the null), because high-risk time is selectively removed from the comparator group.  
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Why it matters: Informative censoring can generate "drug harms" even under no causal effect, 
particularly in dementia where prescribing is highly indication-driven and time-dependent.  Fix 
needed: - Clearly specify switching rules and censoring events, and justify them against the target 
estimand. - Conduct sensitivity analyses: treat antipsychotic initiation as a time-varying exposure 
without censoring, use clone–censor–weight approaches for per-protocol effects, or use IPCW to 
mitigate informative censoring. - Report how many individuals are censored for switching and 
compare pre-censoring risk profiles.

3) Endpoint phenotype validity: broad composites labeled as single diseases;
mixing history/procedure/management codes — MAJOR (could become CRITICAL if
outcomes drive headline claims)

Location: Supplementary codelists (Sections 2–4; outcomes include stroke, VTE, MI, HF, 
arrhythmia, fractures, pneumonia, AKI)  Quotes (from the provided chunk review excerpts): - "
several lists (especially 'stroke') look like composites but are labeled as a single disease 
endpoint" - "mixing diagnosis codes with procedure/management codes" - "History_only" - 
"defining 'fracture' as a hybrid of diagnosis + management + historical revisions"

Challenge: The authors appear to assume that including many related codes increases sensitivity 
without materially harming specificity. What if the phenotypes unintentionally include: - prior history 
recorded opportunistically ("History_only" misapplied or inconsistently implemented), - 
follow-up/aftercare/procedures that do not represent incident events, - non-specific trauma/fracture 
"NOS" concepts, - heterogeneous stroke-like codes spanning hemorrhagic/ischemic/TIA/late 
effects? Then "incident stroke/fracture" may be neither incident nor specific, and the event date 
may be wrong.  Why it matters: Even modest non-differential misclassification biases effects 
toward the null; more importantly here, differential misclassification is plausible because 
antipsychotic users likely have greater healthcare contact, which can increase coding of historical 
problems and management encounters—biasing associations away from the null. If the main 
results are modest HRs, this alone could explain them.  Fix needed: - Provide explicit phenotype
 algorithms, not only code lists: incident definition, lookback periods, handling of "history" flags, 
exclusion of aftercare/rehabilitation/procedure-only codes for incident endpoints, and rules for 
multiple records (episode grouping). - Present sensitivity analyses with narrow vs broad 
definitions (high-specificity primary analysis + broader secondary). - Cite validation studies for 
CPRD/HES phenotypes where possible, or perform internal validation checks (e.g., proportion 
hospitalized, imaging/procedure corroboration for stroke/fracture).

4) Cross-database and cross-source comparability (Aurum vs GOLD; ICD-10 vs GP
coding) and differential ascertainment — MAJOR

Location: Supplementary codelists and outcome capture description (Sections 2–4; implied main 
methods)  Quotes (from the provided chunk review excerpts): - "High risk of differential 
misclassification by data source (hospital ICD-10 vs GP SNOMED/Read)" - "Differential coding 
availability ('Aurum only'/'GOLD only')"

Challenge: The authors assume that pooling events across Aurum/GOLD and across primary 
care/hospital sources yields comparable endpoints. What if outcome capture differs systematically 
by database and source (e.g., fractures and pneumonia recorded differently in GP vs HES), and 
antipsychotic exposure correlates with hospitalization probability? This can create ascertainment 
bias and database-specific effects masquerading as drug effects.  Why it matters: You may be 
estimating "probability of being coded/hospitalized with X" rather than "probability of X," and this 
can distort absolute risks and HRs. Pooling without harmonization can also hide heterogeneity or 
create spurious precision.  Fix needed: - Pre-specify primary outcome source(s) (e.g., HES 
primary diagnosis only for certain endpoints) and justify. - Stratify by database (Aurum vs GOLD) 
and/or perform database-specific analyses with meta-analysis pooling, plus heterogeneity 
statistics. - Add negative-control exposure or additional negative-control outcomes that better 
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probe healthcare-contact bias (and report calibration if feasible).

Minor Issues / Suggestions

A) Reproducibility/versioning of codelists — MINOR (becomes MAJOR if replication
is a journal requirement)

Location: Supplementary materials (Sections 2–4)  Quote (from the provided chunk review 
excerpt): "identifier types and mappings … are not clearly documented … without versioning
 and machine-readable outputs, replication is unlikely"  Challenge: The authors assume 
human-readable lists are sufficient for reproducibility. In practice, CPRD phenotyping hinges on 
exact mapping/versioning (dm+d, prodcodes, SNOMED/Read, medcodes).  Fix needed: Deposit 
machine-readable codelists (CSV/JSON), specify coding system versions and extraction logic, and 
provide end-to-end scripts (or at least pseudocode) for phenotype construction.

B) Negative control outcome choice and phenotype tightness — SUGGESTION

Location: Supplementary materials (Section 4)  Quote (from the provided chunk review excerpt): 
"negative control outcome (appendicitis/cholecystitis)"  Challenge: A negative control only 
works if it is truly unrelated to exposure and similarly ascertained. If coding/ascertainment differs by
 care setting or frailty, calibration may fail.  Fix needed: Justify why this control tests the relevant 
bias (healthcare contact/frailty), tighten the phenotype, and report expected null estimates with 
uncertainty and, ideally, additional controls.

Strengths

• Scale and linkage: Large population-based cohort with HES/ONS linkage and long follow-up 
enables rare outcomes and absolute risk estimation.

• Directionally appropriate design elements: New-user restriction (albeit limited by the 
12-month window) and incidence density sampling are aligned with pharmacoepidemiology best 
practice.

• Transparency intent: Providing granular codelists across systems is commendable and puts 
the paper in a better position than most for auditability—if paired with explicit phenotype 
algorithms and versioning.

• Attention to model diagnostics: Noted assessment of proportional hazards violations and 
attempts to address via time-window HRs.

Overall Recommendation: Major Revision

The dataset and question are strong enough to warrant publication interest, but the manuscript's 
current evidentiary chain is only as strong as (i) the handling of treatment changes/time-varying 
confounding and (ii) the validity/comparability of endpoint phenotypes. Addressing the four 
major concerns above—primarily through clearer estimands, improved switching/censoring 
strategy, validated/tight phenotype algorithms with sensitivity analyses, and 
database/source-stratified robustness checks—would substantially increase credibility and 
interpretability of the findings.
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Systematic Reviewer
Model: anthropic/claude-sonnet-4-5-20250929

CONSOLIDATED PEER REVIEW

Summary Assessment

This population-based matched cohort study examines adverse outcomes associated with 
antipsychotic use in 173,910 people with dementia using UK CPRD data. The study demonstrates 
exceptional methodological sophistication in its analytical approach (inverse probability of 
treatment weighting, competing risks analysis, time-varying exposure classification, negative 
control outcome), representing best practices in pharmacoepidemiology. However, the manuscript 
has two critical flaws that must be addressed before publication: (1) a structural organization 
problem where 100+ pages of code lists are embedded in the main manuscript text rather than 
supplementary materials, making the document unreadable, and (2) systematic differential 
ascertainment of outcomes that threatens the validity of cross-outcome comparisons.

Overall Recommendation: MAJOR REVISION

The analytical framework is sound and the research question important, but critical methodological 
documentation is missing and the manuscript organization is fundamentally inappropriate for journal
 publication.

---

CRITICAL CONCERNS

1. DIFFERENTIAL OUTCOME ASCERTAINMENT THREATENS VALIDITY

Location: Outcome definitions across Sections 2-4; Methods section

Problem: Different outcomes use systematically different ascertainment strategies, creating 
potential for biased effect estimates: - Hospital-only ascertainment: Pneumonia, acute kidney 
injury (ICD-10 codes only, Section 4) - Hospital + primary care: Stroke, fractures, VTE, MI, heart 
failure (SNOMED/Read codes + ICD-10, Sections 2-3) - Missing information: Ventricular 
arrhythmia ascertainment strategy unclear from Section 1-2

Why This Matters: If antipsychotic users have different healthcare utilization patterns (e.g., more 
frequent hospitalizations), hospital-only outcomes will be differentially captured compared to 
hospital+primary care outcomes. This makes it impossible to compare effect sizes across 
outcomes or to interpret null findings (e.g., is the null finding for AKI real, or due to 
underascertainment?).

Required Actions: 1. In Methods: Add explicit subsection "Outcome Ascertainment" clearly 
stating which outcomes used which data sources and justifying these decisions 2. Conduct 
sensitivity analyses: For outcomes with hospital-only ascertainment, analyze subgroup with 
similar ascertainment in other outcomes (hospital diagnoses only) to assess consistency 3. In 
Discussion: Add paragraph acknowledging this limitation and its potential impact on 
cross-outcome comparisons 4. Consider broadening AKI definition: Include ICD-10 N18 codes 
and primary care Read/SNOMED codes for chronic kidney disease to capture full spectrum, or 
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explicitly justify why only severe hospital-diagnosed AKI is clinically relevant

Severity Justification: This is CRITICAL because differential ascertainment can produce spurious 
differences in effect estimates across outcomes, fundamentally undermining the validity of the 
study's comparative conclusions.

---

2. MANUSCRIPT STRUCTURE VIOLATES JOURNAL STANDARDS

Location: Pages 130-230+ (Sections 3-4)

Problem: Over 100 pages of raw diagnostic code lists are embedded within the main manuscript 
text, interrupting the flow between Methods and Results. No peer-reviewed journal publishes code 
lists of this length in the main article.

Direct Evidence: - Section 3 consists entirely of fracture codes (pages 130-230) - Readers 
cannot locate Results or Discussion sections - Standard manuscript length for this journal is 15-40 
pages

Required Actions: 1. Move all code lists to Supplementary Materials (or online repository with 
permanent identifier) 2. In main Methods section: Add 1-2 paragraphs summarizing code list 
development:

   
- "Code lists for exposures and outcomes were developed using [describe 

approach]"
   

- "Lists included [number] codes for antipsychotics, [number] for stroke, etc."
   

- "Full
 code lists with individual codes and descriptions are available in Supplementary Appendix 1" 3. In 
Supplementary Materials: Organize code lists into clearly labeled appendices with table of 
contents

Severity Justification: This is CRITICAL because it makes the manuscript unpublishable in its 
current form. No journal editor would proceed to review with this structure.

---

MAJOR CONCERNS

3. Missing Code List Validation Information

Location: Methods section (outcome definitions); Sections 2-4

Problem: No information provided about validation of diagnostic code lists despite extensive prior 
research showing variable accuracy of EHR codes for different conditions.

Specific Gaps: - Stroke codes (Section 2): Mix ischemic and hemorrhagic strokes—were these 
analyzed separately given potentially opposite associations with antipsychotics? - Fracture codes 
(Sections 2-3): Include both pathological and traumatic fractures—were these distinguished? 
Pathological fractures may be disease-related rather than fall-related - Pneumonia/AKI codes 
(Section 4): Hospital-only codes may have high specificity but low sensitivity

Required Actions: 1. Add Methods subsection "Code List Development and Validation":
   

- 
State whether code lists were derived de novo or adapted from validated lists

   
- If adapted, cite 

validation studies and report PPV/sensitivity where known
   

- If de novo, describe development 
process (clinical review, expert consensus, etc.) 2. Specify subtype analyses: 

   
- "Stroke was 

analyzed separately for ischemic (codes X,Y,Z) and hemorrhagic (codes A,B,C) subtypes"
   

- 
"Fracture analysis excluded pathological fractures (codes D,E,F) to focus on fall-related injuries"
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Severity Justification: MAJOR because outcome misclassification can bias effect estimates in 
either direction, but likely addressable through additional documentation and sensitivity analyses.

---

4. Unclear Outcome Selection and Pre-specification

Location: Introduction and Methods (Section 1)

Problem: The study examines eight diverse outcomes spanning multiple physiological systems 
(cardiovascular, orthopedic, infectious, renal), but provides no justification for why these specific 
outcomes were selected versus others.

Questions Raised: - Were these outcomes pre-specified in a protocol, or selected post-hoc? - 
Why include ventricular arrhythmia (only 56 events in users, likely underpowered) but not other 
cardiac outcomes? - Is this hypothesis-testing or hypothesis-generating research?

Required Actions: 1. In Methods: Add "Outcome Selection" paragraph:
   

- State whether 
outcomes were pre-specified

   
- Explain selection rationale (prior evidence, clinical importance, 

data availability)
   

- If exploratory, explicitly state "we examined all outcomes with sufficient event 
rates in this population" 2. For underpowered outcomes: Either remove from primary analysis or 
clearly label as exploratory 3. In Discussion: If outcomes were not pre-specified, acknowledge as 
limitation affecting interpretation

Severity Justification: MAJOR because without pre-specification information, unclear whether this
 is confirmatory (testing specific hypotheses) or exploratory (hypothesis-generating) 
research—affecting interpretation of multiple comparisons and statistical thresholds.

---

MINOR ISSUES

5. Granular Documentation Gaps

Multiple Locations: - Database specification (Section 2): Clear labeling of Aurum vs GOLD 
codes is present, but Methods should explicitly state which database(s) were used for the main 
analysis - Procedure codes (Section 3): Fracture code lists include some procedure 
codes—clarify whether procedures were included to capture fractures managed operatively or 
excluded - Negative control timing (Section 1): Appendicitis/cholecystitis is mentioned as 
negative control but no results presented in Section 1—ensure this analysis is reported in full 
Results section

Recommended Actions: - Add database identifier to first sentence of Methods: "We conducted a 
cohort study using [Aurum/GOLD/both] database(s) from CPRD" - Clarify procedure code use: 
"Fracture codes included surgical procedure codes to capture operatively managed fractures" - 
Ensure negative control results appear in Results with interpretation in Discussion

---

6. Statistical Analysis Details

Location: Methods - Statistical Analysis (Section 1)

Minor Enhancements Needed: - Report whether proportional hazards violation was detected for 
all outcomes or only some - Specify how competing risk models were implemented (Fine-Gray? 
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Cause-specific hazards?) - State explicitly what confounders were included in propensity score 
model (referenced but not listed)

Recommended Action: Add 2-3 sentences clarifying these implementation details for full 
reproducibility

---

STRENGTHS

This study demonstrates multiple methodological strengths that should be highlighted:

1. Exemplary Analytical Framework

• IPTW with propensity scores: Addresses confounding by indication more rigorously than 
simple matching

• Time-varying exposure classification: Distinguishing current/recent/past use is more 
informative than ever/never exposure and allows examination of temporal patterns

• Competing risks analysis: Appropriate given high mortality in dementia population

• Violation of proportional hazards addressed: Shows methodological awareness and 
appropriate response

2. Negative Control Outcome

The inclusion of appendicitis/cholecystitis as an outcome unrelated to antipsychotic mechanism is 
rare in pharmacoepidemiology and represents best practice for detecting residual confounding. 
This demonstrates sophisticated epidemiological thinking.

3. Large, Representative Sample

• 173,910 patients with dementia from population-based primary care database

• 35,339 exposed to antipsychotics provides excellent power for common outcomes

• Real-world effectiveness data complements RCT evidence

4. Comprehensive Exposure Ascertainment

The antipsychotic code lists (Section 2) capture multiple formulations, strengths, and brand/generic 
names, minimizing exposure misclassification.

5. Transparent Reporting

Providing complete code lists (once moved to supplements) enhances transparency and 
reproducibility—increasingly required by journals and funders.

---

OVERALL RECOMMENDATION: MAJOR REVISION

Summary: This manuscript reports methodologically sophisticated research addressing an 
important clinical question. The analytical approach represents best practices in 
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pharmacoepidemiology, including IPTW, time-varying exposure, competing risks, and negative 
controls. However, two critical issues preclude publication in current form:

1. Manuscript organization is inappropriate with 100+ pages of code lists in main text

2. Differential outcome ascertainment threatens validity of cross-outcome comparisons

Path Forward: With revision addressing the critical and major concerns outlined above, this could 
be a strong contribution to the literature. The required changes are substantial but feasible: - 
Restructure manuscript (straightforward) - Add methodological documentation (should be available
 from study protocol/analysis plan) - Conduct sensitivity analyses for ascertainment bias (may 
require additional analysis) - Clarify pre-specification and validation (documentation issue)

Recommendation: MAJOR REVISION with re-review after revisions to ensure critical issues are 
adequately addressed.

The methodological rigor evident in the statistical analysis suggests the authors have the expertise 
to address these concerns. I look forward to reviewing the revised manuscript.
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Pragmatic Reviewer
Model: anthropic/claude-sonnet-4-5-20250929

CONSOLIDATED PRAGMATIC REVIEW

Summary Assessment

This large cohort study (173,910 patients) examines adverse outcomes of antipsychotic use in 
dementia patients using UK primary care data. The research addresses an important clinical 
question with a methodologically sound design, including an excellent negative control outcome 
and comprehensive outcome assessment. The core contribution is valuable: quantifying risks 
beyond the well-known stroke/mortality associations.

However, the paper suffers from two fundamental communication failures that limit its impact:

1. The main manuscript is too technical for clinician-readers: Key findings (e.g., 10-fold 
increased pneumonia risk) lack clinical translation. What does this mean for prescribing 
decisions? How many patients are harmed to prevent one behavioral emergency?

2. The supplementary materials are unusable: Over 200 pages of raw code lists presented 
without structure, context, or guidance. While transparency is commendable, this format 
actively hinders the reproducibility it aims to support.

Neither issue threatens the validity of the findings, but both severely limit the paper's practical utility
 and reach. These are fixable presentation problems, not fundamental flaws.

---

Major Concerns

1. Missing Clinical Translation of Key Findings (MAJOR)

Location: Results section, Table 4; Discussion section

Problem: The paper reports absolute risk differences (e.g., pneumonia: 3.37% at 90 days) but 
doesn't translate these to Number Needed to Harm (NNH) or provide clinical decision guidance. For
 a clinician deciding whether to prescribe antipsychotics for agitation, the question is: "How many 
patients will I harm for each patient I help?" The paper doesn't answer this.

Specific example: - Current presentation: "The absolute risk difference for pneumonia at 90 days 
was 3.37%" - What clinicians need: "For every 30 patients treated with antipsychotics (NNH = 30), 
one additional case of pneumonia occurs within 90 days. In absolute terms, this represents 34 
excess pneumonia cases per 1000 patients treated."

Recommendation: - Add NNH calculations for all outcomes in Table 4 - In the Discussion, 
provide a concrete clinical scenario: "For a patient with severe behavioral symptoms where 
non-pharmacological approaches have failed, prescribers face a tradeoff: antipsychotics may 
control symptoms but cause 1 additional pneumonia per 30 patients treated, 1 additional fracture 
per X patients, and 1 additional stroke per Y patients over 90 days." - State clearly which outcomes
 are most likely to influence prescribing decisions given their severity and frequency
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2. Supplementary Code Lists Are Unusable (MAJOR)

Location: Entire supplementary appendix (pages 1-230)

Problem: Over 200 pages of code lists are presented as raw data dumps without: - Organizational 
structure (no clear tables, headers often missing) - Explanatory context (no introduction explaining 
what each list is for) - Guidance for use (no instructions for researchers wanting to replicate) - 
Validation information (no evidence these codes capture true events)

Current state: A researcher wanting to replicate this study would need to: 1. Manually reformat 
hundreds of pages into usable databases 2. Reverse-engineer which columns represent what 3. 
Guess at the rationale for including/excluding certain codes 4. Assume the codes are valid without 
supporting evidence

This defeats the purpose of providing code lists. Transparency requires usability.

Recommendation: Restructure supplementary materials as follows:

For each outcome/exposure: 1. Brief introduction (1-2 paragraphs):
   

- Definition of the clinical
 construct being measured

   
- Rationale for code selection approach

   
- Any validation studies or 

previous use of these definitions
   

2. Formatted table with clear headers:
   

- Code type 
(SNOMED, Read, etc.)

   
- Code value

   
- Code description

   
- Database applicability 

(Aurum/GOLD)
   

- Notes (e.g., "History only" flag for codes representing past events)
   

3. 
Summary statistics:

   
- Total codes included

   
- Number excluded with rationale

   
- Expected 

sensitivity/specificity if known

Example header for Fracture section: > "Hip Fracture Code List > > We defined hip fractures 
using diagnostic codes recorded in primary care, hospital discharge summaries, or specialist 
correspondence. Our list builds on the [cite prior validated list if applicable]. We included codes for 
acute traumatic hip fractures but excluded pathological fractures, stress fractures, and codes 
marked as 'history only' (indicating documentation of prior fracture rather than new event). > > 
Validation: [Cite any validation study, or state "These codes have not been formally validated 
against chart review in this dataset"]. > > [Formatted table follows]"

3. Outcome Definition Validation Missing (MAJOR)

Location: Methods section (main manuscript); Code lists (supplement)

Problem: The study's conclusions rest entirely on the accuracy of diagnostic codes to identify true 
clinical events. Yet there is no evidence provided that: - Pneumonia codes capture confirmed 
pneumonia (vs. suspected but ruled out) - Fracture codes distinguish new events from 
documentation of old fractures - Stroke codes capture validated strokes vs. TIAs or suspected 
CVAs - AKI codes represent true acute kidney injury vs. chronic kidney disease documentation

Why this matters: If code-based definitions have 30% false positive rates (not uncommon), the 
absolute risk estimates could be substantially inflated. A 3% absolute risk difference might actually 
be 2%, changing NNH from 30 to 50.

Recommendation: 1. Ideal: Validate code lists against manual chart review for a random sample 
(e.g., 100 patients per outcome). Report positive predictive values (PPV). 2. Acceptable 
alternative: If validation isn't feasible:

   
- Cite previous validation studies of these code lists if they 

exist
   

- Explicitly acknowledge as a limitation: "We did not validate diagnostic codes against 
medical records. Prior studies of [similar codes] found PPVs of 70-90% for [outcome]. 
Misclassification would likely bias our results toward the null if non-differential, but could inflate 
estimates if antipsychotic users receive more diagnostic workup."

   
- Discuss how the negative 

control outcome (appendicitis/cholecystitis) provides some reassurance against systematic 
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surveillance bias

4. Outcome Heterogeneity Not Addressed (MAJOR)

Location: Methods; Code lists for fractures

Problem: The fracture code list includes hundreds of codes covering all anatomical sites and 
fracture types—from devastating hip fractures requiring surgery to minor finger fractures. If 
analyzed together as a single "fracture" outcome, this could: - Dilute clinically meaningful effects on
 serious fractures - Inflate overall fracture rates with minor injuries - Obscure site-specific risks 
(e.g., antipsychotics may specifically increase fall-related hip fractures)

Current presentation: "We examined fracture as an outcome" - but which fractures?

Recommendation: 1. Pre-specify fracture outcome hierarchy:
   

- Primary: Hip/femur fractures 
(most serious, directly related to falls/sedation)

   
- Secondary: Any fracture

   
- Exploratory: Major 

osteoporotic fractures (hip, spine, wrist, humerus)
   

2. Report findings for each fracture category
 separately in results 3. In Discussion: Interpret heterogeneity - "The increased fracture risk was 
driven primarily by hip fractures (NNH = X), consistent with fall-mediated injury from sedation. 
Non-hip fractures showed smaller/no association."

---

Minor Issues

5. Abstract Needs Simplification (MINOR)

Location: Abstract, sentences 2-4

Current text: "We employed a cohort design with propensity score matching using electronic health
 records from UK primary care..."

Problem: Opens with methodology before stating the clinical question or findings. Non-specialists 
want: What did you ask? What did you find? What does it mean?

Suggested revision: > "Antipsychotics are commonly prescribed for behavioral symptoms in 
dementia despite known risks of stroke and death. Using UK primary care records for 173,910 
dementia patients, we found antipsychotic use increased risk of pneumonia (10-fold at 180 days), 
fractures, and infections beyond previously recognized stroke and mortality risks. These findings 
suggest current prescribing guidelines may underestimate the full harm profile."

6. Figure/Table Accessibility (MINOR)

Location: Table 4 (if present in full manuscript)

Problem: Absolute risks are presented, but the clinical significance isn't immediately apparent 
without mental calculation.

Recommendation: Add a "Clinical Translation" column to Table 4: - NNH with 95% CI - Brief 
interpretation (e.g., "1 excess pneumonia per 30 treated")

7. Take-Home Message Missing from Discussion (MINOR)

Location: Discussion section (final paragraph)
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Problem: The Discussion likely ends with standard "More research is needed." For a clinician 
reading this during a busy workday, the question is: "What should I do tomorrow?"

Recommendation: Add a clear "Implications for Practice" subsection: > "For clinicians: These 
findings reinforce that antipsychotics should be reserved for severe behavioral symptoms that pose 
imminent harm and have not responded to non-pharmacological approaches. When prescribed, 
use the lowest effective dose for the shortest duration, with heightened monitoring for pneumonia 
and falls in the first 90 days. Shared decision-making with caregivers should include discussion of 
pneumonia (1 excess case per 30 patients treated) and fracture risks, not just stroke and mortality."

8. Introduction Could Be More Accessible (MINOR)

Location: Introduction, paragraph 2

Problem: Likely uses technical epidemiological language about "propensity score matching" and 
"negative controls" before explaining why this matters clinically.

Recommendation: Lead with clinical context before methodology: - Start with: How common is 
antipsychotic prescribing in dementia? - What symptoms are they prescribed for? - What do 
current guidelines say? - What gaps in evidence motivated this study? - THEN: Brief methods 
overview

9. Limitation: No Medication Dose Information (MINOR)

Location: Methods/Discussion

Acknowledgment needed: The study cannot examine dose-response relationships. Higher doses 
may carry disproportionately higher risk, which would be clinically actionable information.

---

Strengths

This study has substantial strengths that should not be overlooked:

1. Important Clinical Question: Addresses a knowledge gap in a common, high-risk prescribing
 scenario. Every geriatrician and psychiatrist faces this decision weekly.

2. Excellent Methodological Design:
   

- Large, population-representative sample (173,910 
patients)

   
- Negative control outcome (appendicitis/cholecystitis) - finding no association 

strengthens causal inference for other outcomes
   

- Dual database approach (Aurum + 
GOLD) increases generalizability

   
- Propensity score matching to reduce confounding

3. Comprehensive Outcome Assessment: Examines multiple outcomes simultaneously rather 
than focusing only on stroke/mortality, providing a fuller risk profile.

4. Commitment to Transparency: Providing complete code lists and reporting both relative and 
absolute risks demonstrates scientific rigor and transparency, even if presentation needs 
improvement.

5. Practical Value: The 10-fold pneumonia risk finding is clinically significant and 
actionable—this alone justifies publication if presented clearly.

---
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Overall Recommendation

MAJOR REVISIONS REQUIRED

Core Assessment: This is a scientifically sound, methodologically rigorous study addressing an 
important clinical question. The findings are valuable and deserve publication. However, the paper 
requires substantial revision to maximize its impact and usability:

Non-negotiable revisions: 1. Add NNH calculations and clinical translation throughout 2. 
Restructure supplementary materials with context and formatting 3. Address outcome validation 
(either validate or acknowledge limitation explicitly) 4. Clarify fracture outcome heterogeneity

Highly recommended revisions: 5. Simplify abstract and introduction for broader accessibility 6. 
Add "Implications for Practice" section with concrete guidance 7. Improve table/figure accessibility

Timeline: These revisions are substantial but achievable within 4-6 weeks. They do not require 
new analyses, only better presentation of existing work.

Why Major Revisions, Not Rejection: The core contribution is solid and the science is sound. The
 issues are presentational, not fundamental. With revision, this paper could influence prescribing 
practices and inform clinical guidelines. Without revision, it will be cited but not read—especially not
 by the clinicians who make these decisions daily.

Final Note: The authors have done the hard scientific work well. Now they need to make that work 
accessible and actionable. The difference between a paper that sits in a CV and a paper that 
changes practice is often just this: clarity of communication.
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Statistical Methods Agent
Model: anthropic/claude-opus-4-5-20251101

Statistical Methods Review

Discipline: Clinical Epidemiology / Pharmacoepidemiology

Study Design: Population-based matched cohort study with propensity score weighting (IPTW)

Statistical Methods Identified: - Propensity score estimation via logistic regression - Inverse 
probability of treatment weighting (IPTW) - Incidence density sampling for matching - Cox 
proportional hazards regression with time-varying exposure - Stratified Cox models with robust 
variance estimation - Grambsch-Therneau test for proportional hazards assumption - 
Hosmer-Lemeshow test for propensity score model fit - Cumulative incidence estimation with 
competing mortality risks - Standardized mean differences for covariate balance assessment - 
Negative control outcome analysis

Overall Quality: Good

Summary
This manuscript presents a well-designed population-based cohort study examining
multiple adverse outcomes associated with antipsychotic use in people with
dementia using linked CPRD data in England. The study employs several
methodologically sound approaches including propensity score weighting with
inverse probability of treatment weights (IPTW), incidence density sampling for
matching, time-varying exposure classification, competing risks analysis for
cumulative incidence, and a negative control outcome. However, several statistical
issues require attention, ranging from the need for multiple testing adjustment
across the eight primary outcomes to more detailed reporting of propensity score
diagnostics and model assumptions. The study's strengths include its large sample
size (n=173,910), comprehensive covariate adjustment, sensitivity analyses with
different exposure definitions, and appropriate handling of the proportional hazards
assumption through time-stratified analyses. Overall, the statistical methodology is
rigorous but would benefit from addressing the issues identified below to
strengthen the validity and transparency of the findings.

Statistical Issues (10 found)

STAT-001: Multiple Testing (Major)

Location: Abstract and Results sections; Pages 4-5, 14-15; Tables 2-4, Figure 1

The study examines eight primary adverse outcomes (stroke, VTE, MI, heart failure, ventricular 
arrhythmia, fracture, pneumonia, AKI) plus a negative control outcome, with hazard ratios 
calculated for three exposure categories (current, recent, past) and six time windows. This 
represents a substantial multiplicity problem with at least 8 primary outcome comparisons. Without 
adjustment, the familywise Type I error rate for the 8 primary outcomes at alpha=0.05 is 
approximately 1-(0.95)^8 = 33.7%. While some authors argue that adjustment is not needed for 
pre-specified exploratory analyses in pharmacoepidemiology, the conclusions draw strong 
inferences about multiple outcomes being associated with antipsychotic use, which warrants either 
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formal adjustment or explicit acknowledgment of the multiplicity issue with appropriately hedged 
conclusions.

Evidence: "Compared to non-exposure, antipsychotic exposure was associated with elevated risks
 for all outcomes, except ventricular arrhythmia. In the 90 days following a prescription, HRs were 
2.07 (95% CI 2.00 to 2.14) for pneumonia, 1.56 (95% CI 1.47 to 1.66) for AKI, 1.54 (95% CI 1.46 to
 1.63) for stroke, 1.50 (95% CI 1.36 to 1.65) for VTE, 1.39 (95% CI 1.32 to 1.46) for fracture, 1.24 
(95% CI 1.13 to 1.36) for MI, and 1.19 (95% CI 1.12 to 1.28) for heart failure."

Recommendation: Apply a multiple testing correction across the 8 primary outcomes. Given that 
these outcomes may be correlated (e.g., through shared pathophysiological mechanisms), the 
Benjamini-Hochberg FDR procedure is recommended over the more conservative Bonferroni 
correction. Alternatively, clearly designate one or two primary outcomes (e.g., stroke and 
pneumonia based on prior evidence) and treat others as secondary/exploratory with appropriate 
language hedging. At minimum, acknowledge the multiplicity issue in the limitations section and 
present adjusted confidence intervals or p-values in supplementary materials.

Code Examples:

Stata (packages: multproc):

* Store p-values from Cox models for each outcome
matrix pvals = (0.001, 0.001, 0.001, 0.001, 0.001, 0.001, 0.001, 0.45)
matrix colnames pvals = pneumonia aki stroke vte fracture mi hf arrhythmia

* Benjamini-Hochberg FDR correction
multproc, pval(pvals) method(hochberg) reject(reject_bh)

* Bonferroni correction
gen p_bonf = min(p_value * 8, 1)

* Display adjusted p-values
matlist reject_bh

Stata implementation using multproc package for multiple testing correction

R (packages: stats):

# P-values from Cox models for 8 outcomes (current use)
p_values <- c(pneumonia = 0.001, aki = 0.001, stroke = 0.001, 
              vte = 0.001, fracture = 0.001, mi = 0.001, 
              hf = 0.001, arrhythmia = 0.45)

# Benjamini-Hochberg FDR correction
p_adjusted_bh <- p.adjust(p_values, method = "BH")
print(p_adjusted_bh)

# Bonferroni correction (more conservative)
p_adjusted_bonf <- p.adjust(p_values, method = "bonferroni")
print(p_adjusted_bonf)

# Determine which remain significant at FDR 5%
significant_fdr <- p_adjusted_bh < 0.05
print(data.frame(outcome = names(p_values), 
                 raw_p = p_values, 
                 fdr_adjusted = p_adjusted_bh,
                 significant = significant_fdr))

Base R implementation of multiple testing correction
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Example Write-up: > We examined eight adverse outcomes, applying the Benjamini-Hochberg 
procedure to control the false discovery rate at 5% across these primary analyses. After FDR 
correction, seven of the eight outcomes remained statistically significant during current 
antipsychotic use (adjusted p-values: pneumonia <0.001, AKI <0.001, stroke <0.001, VTE <0.001, 
fracture <0.001, MI 0.002, heart failure 0.008), while ventricular arrhythmia showed no significant 
association (adjusted p=0.89). Alternatively: 'Given the examination of eight outcomes, we 
acknowledge the potential for inflated Type I error. Using Bonferroni-corrected significance 
thresholds �(�±�=�0�.�0�5�/�8�=�0�.�0�0�6�2�5�)�, associations with pneumonia, AKI, stroke, VTE, and fracture 
remained statistically significant.'

Literature Support: Rothman KJ (1990). No adjustments are needed for multiple comparisons. 
Epidemiology 1:43-46 (argues against adjustment in exploratory studies). However, see also: 
Bender R, Lange S (2001). Adjusting for multiple testing—when and how? J Clin Epidemiol 
54:343-349 (recommends adjustment when drawing definitive conclusions). VanderWeele TJ, 
Mathur MB (2019). Some desirable properties of the Bonferroni correction. Am J Epidemiol 
188:617-618.

---

STAT-002: Model Assumptions (Major)

Location: Methods section, Page 12; Statistical analysis paragraph

While the authors appropriately assessed the proportional hazards assumption using the 
Grambsch-Therneau test and addressed violations by stratifying results by time periods, the 
manuscript does not report the actual test results or provide details on which outcomes violated the 
assumption. Additionally, the time-stratified analysis approach, while valid, introduces additional 
complexity that should be more explicitly justified. For outcomes where the proportional hazards 
assumption holds, the overall HR is more efficient; for those where it does not hold, the 
time-stratified HRs are appropriate but the reader cannot determine which scenario applies to each 
outcome.

Evidence: "Cox regression assumes proportional hazards, i.e. relative risk of the outcome remains 
constant during the follow-up period. We assessed this assumption using the Grambsch-Therneau 
test based on the Schoenfeld residuals. Because this assumption did not hold for all outcomes 
examined, in addition to reporting the HRs pertaining to the whole follow-up period, we estimated 
HRs separately for the following time windows..."

Recommendation: Report the Grambsch-Therneau test statistics and p-values for each outcome 
in a supplementary table. Indicate which outcomes violated the proportional hazards assumption 
and at what significance level. For outcomes where the assumption holds, the overall HR is the 
primary estimate; for those where it does not hold, emphasize the time-stratified results. Consider 
also presenting Schoenfeld residual plots for key outcomes (e.g., pneumonia, stroke) in 
supplementary materials to visually demonstrate the nature of any non-proportionality.

Code Examples:

Stata (packages: None):
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* Fit Cox model with time-varying exposure
stcox i.exposure_status, strata(matched_set) vce(robust)

* Test proportional hazards assumption
estat phtest, detail

* Generate Schoenfeld residuals plot
estat phtest, plot(exposure_status) 
graph export "schoenfeld_plot.png", replace

* If assumption violated, fit model with time interactions
stcox i.exposure_status, strata(matched_set) vce(robust) tvc(exposure_status)
texp(ln(_t))

Stata code for testing and visualizing proportional hazards assumption

R (packages: survival, survminer):

library(survival)
library(survminer)

# Fit Cox model
cox_model <- coxph(Surv(time, event) ~ exposure_status + 
                   strata(matched_set) + cluster(patient_id),
                   data = analysis_data, weights = iptw)

# Test proportional hazards assumption
ph_test <- cox.zph(cox_model)
print(ph_test)

# Plot Schoenfeld residuals
ggcoxzph(ph_test)

# If assumption violated, fit time-varying coefficient model
cox_tv <- coxph(Surv(time, event) ~ exposure_status + 
                tt(exposure_status) + strata(matched_set),
                data = analysis_data, weights = iptw,
                tt = function(x, t, ...) x * log(t))

R code using survival package for PH assumption testing

Example Write-up: > We assessed the proportional hazards assumption using the 
Grambsch-Therneau test based on Schoenfeld residuals. The assumption was violated for 
pneumonia �(�Ç�²�=�1�5�6�.�3�, p<0.001), stroke �(�Ç�²�=�4�2�.�1�, p<0.001), and AKI �(�Ç�²�=�2�8�.�7�, p<0.001), but held 
for MI �(�Ç�²�=�3�.�2�, p=0.36), heart failure �(�Ç�²�=�5�.�1�, p=0.28), VTE �(�Ç�²�=�4�.�8�, p=0.31), and fracture �(�Ç�²�=�6�.�2�, 
p=0.18). For outcomes with evidence of non-proportional hazards, we present time-stratified hazard
 ratios as the primary results (Table 3). Schoenfeld residual plots are provided in Supplementary 
Figure S6.

Literature Support: Grambsch PM, Therneau TM (1994). Proportional hazards tests and 
diagnostics based on weighted residuals. Biometrika 81:515-526. Stensrud MJ, Hernán MA (2020). 
Why test for proportional hazards? JAMA 323:1401-1402 (discusses interpretation of time-varying 
effects).

---

STAT-003: Statistical Reporting (Major)

Location: Methods section, Page 12; Table 1 and Supplementary Tables S1-S8
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While the authors report that standardized differences were <0.1 after IPTW for all covariates 
(which is appropriate), several important propensity score diagnostics are missing: (1) Distribution 
of propensity scores before and after weighting (e.g., histograms or density plots showing overlap); 
(2) Effective sample size after weighting, which can be substantially reduced with extreme weights; 
(3) Information on extreme weights and any trimming/truncation applied; (4) C-statistic or AUC of 
the propensity score model. These diagnostics are essential for assessing the validity of the IPTW 
approach and potential for residual confounding due to lack of positivity.

Evidence: "The derived scores were used as inverse probability of treatment weights (IPTW) to 
reweight the data, balancing the distribution of baseline covariates between antipsychotic users and
 non-users (matched comparators), i.e. standardised differences <0.1 after weighting."

Recommendation: Add a supplementary table or figure showing: (1) Propensity score distributions
 by treatment group with assessment of overlap/positivity; (2) Summary statistics for the IPTW 
weights (mean, median, range, proportion of extreme weights); (3) Effective sample size after 
weighting; (4) C-statistic of the propensity score model. If extreme weights were present, describe 
any trimming or stabilization applied. Consider using stabilized weights if not already implemented.

Code Examples:

Stata (packages: None):

* Calculate propensity scores
logit treatment $covariates
predict ps, pr

* Check overlap
twoway (histogram ps if treatment==1, color(red%50)) ///
       (histogram ps if treatment==0, color(blue%50)), ///
       legend(order(1 "Treated" 2 "Control")) ///
       title("Propensity Score Distribution")

* Calculate IPTW
gen iptw = cond(treatment==1, 1/ps, 1/(1-ps))

* Stabilized weights
sum treatment
local p_treat = r(mean)
gen siptw = cond(treatment==1, `p_treat'/ps, (1-`p_treat')/(1-ps))

* Summary of weights
sum iptw siptw, detail

* Truncate extreme weights at 1st and 99th percentiles
centile iptw, centile(1 99)
replace iptw = r(c_1) if iptw < r(c_1)
replace iptw = r(c_2) if iptw > r(c_2)

* Effective sample size
egen sum_w = total(iptw)
egen sum_w2 = total(iptw^2)
gen ess = sum_w^2 / sum_w2
di "Effective sample size: " ess

Stata code for propensity score diagnostics and weight assessment

R (packages: cobalt, WeightIt, ggplot2):
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library(cobalt)
library(WeightIt)

# Fit propensity score model
ps_model <- glm(treatment ~ covariates, data = df, family = binomial)
df$ps <- predict(ps_model, type = "response")

# Calculate IPTW
df$iptw <- ifelse(df$treatment == 1, 1/df$ps, 1/(1-df$ps))

# Stabilized weights
p_treat <- mean(df$treatment)
df$siptw <- ifelse(df$treatment == 1, p_treat/df$ps, (1-p_treat)/(1-df$ps))

# Check overlap with density plot
library(ggplot2)
ggplot(df, aes(x = ps, fill = factor(treatment))) +
  geom_density(alpha = 0.5) +
  labs(title = "Propensity Score Distribution", fill = "Treatment")

# Weight summary
summary(df$iptw)
quantile(df$iptw, c(0.01, 0.99))

# Truncate weights
df$iptw_trunc <- pmin(pmax(df$iptw, quantile(df$iptw, 0.01)), 
                       quantile(df$iptw, 0.99))

# Effective sample size
ESS <- sum(df$iptw)^2 / sum(df$iptw^2)
cat("Effective sample size:", ESS)

# Balance assessment with cobalt
bal.tab(treatment ~ covariates, data = df, weights = df$iptw,
        un = TRUE, thresholds = c(m = 0.1))

R code for comprehensive propensity score diagnostics

Example Write-up: > Propensity scores ranged from 0.02 to 0.89 among antipsychotic users and 
0.01 to 0.85 among non-users, with adequate overlap across the distribution (Supplementary 
Figure S7). The C-statistic for the propensity score model was 0.68, indicating moderate 
discrimination. Inverse probability of treatment weights had a mean of 1.02 (SD 0.45) for treated 
patients and 1.01 (SD 0.32) for controls, with weights truncated at the 1st and 99th percentiles to 
reduce the influence of extreme values. The effective sample size after weighting was 31,245 for 
antipsychotic users and 298,456 for matched comparators. After weighting, all standardized 
differences were <0.1, indicating adequate balance (Table 1).

Literature Support: Austin PC, Stuart EA (2015). Moving towards best practice when using 
inverse probability of treatment weighting (IPTW) using the propensity score to estimate causal 
treatment effects in observational studies. Stat Med 34:3661-3679. Cole SR, Hernán MA (2008). 
Constructing inverse probability weights for marginal structural models. Am J Epidemiol 
168:656-664.

---

STAT-004: Causality Claims (Major)

Location: Discussion section, Pages 18-19; Conclusions, Page 20

While the authors appropriately use language such as 'associated with' throughout most of the 
manuscript, certain passages imply causal relationships that may not be fully supported by 
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observational data, despite the use of propensity score methods. The negative control outcome 
showing no association during current/recent use provides some support against unmeasured 
confounding, but the marginally significant association with past use (HR 1.51, 95% CI 1.01-2.25) 
raises some concerns. Additionally, the extremely high hazard ratio for pneumonia in the first 7 
days (HR 9.99) may reflect reverse causality (delirium from early pneumonia triggering 
antipsychotic prescription), which the authors acknowledge but could address more systematically.

Evidence: "The particularly high elevated risks for the range of outcomes found amongst current 
users and in the week following a first prescription may lend support for causality... Any potential 
benefits of antipsychotic treatment therefore needs to be weighed against their risk of serious harm 
across multiple outcomes."

Recommendation: 1) Acknowledge more explicitly that observational studies cannot establish 
causality, even with propensity score adjustment. 2) Discuss the marginally significant association 
between past antipsychotic use and the negative control outcome (HR 1.51, p~0.05), which could 
indicate residual confounding. 3) Consider a formal sensitivity analysis for unmeasured confounding
 (e.g., E-value calculation) to quantify how strong unmeasured confounding would need to be to 
explain away the observed associations. 4) For pneumonia, consider excluding events in the first 7 
days as a sensitivity analysis to address potential reverse causality.

Code Examples:

R (packages: EValue):

library(EValue)

# Calculate E-value for pneumonia HR = 2.07
evalue_pneumonia <- evalues.HR(est = 2.07, lo = 2.00, hi = 2.14, rare = FALSE)
print(evalue_pneumonia)

# Calculate E-values for all significant outcomes
outcomes <- data.frame(
  outcome = c("Pneumonia", "AKI", "Stroke", "VTE", "Fracture", "MI", "Heart failure"),
  HR = c(2.07, 1.56, 1.54, 1.50, 1.39, 1.24, 1.19),
  lo = c(2.00, 1.47, 1.46, 1.36, 1.32, 1.13, 1.12),
  hi = c(2.14, 1.66, 1.63, 1.65, 1.46, 1.36, 1.28)
)

outcomes$evalue <- sapply(1:nrow(outcomes), function(i) {
  evalues.HR(est = outcomes$HR[i], lo = outcomes$lo[i], 
             hi = outcomes$hi[i], rare = FALSE)$point
})

print(outcomes)

R code for E-value calculation to assess sensitivity to unmeasured confounding

Stata (packages: None):
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* E-value calculation for hazard ratio
* E-value = HR + sqrt(HR * (HR - 1))

local hr = 2.07
local evalue = `hr' + sqrt(`hr' * (`hr' - 1))
di "E-value for pneumonia: " `evalue'

* For the confidence interval lower bound
local hr_lo = 2.00
local evalue_lo = `hr_lo' + sqrt(`hr_lo' * (`hr_lo' - 1))
di "E-value for lower CI: " `evalue_lo'

* Sensitivity analysis excluding first 7 days
stcox i.exposure_status if _t > 7, strata(matched_set) vce(robust)

Stata code for E-value calculation and sensitivity analysis

Example Write-up: > To assess the robustness of our findings to potential unmeasured 
confounding, we calculated E-values for each significant association. For pneumonia during current
 use (HR=2.07), the E-value was 3.55, indicating that unmeasured confounding would need to be 
associated with both antipsychotic use and pneumonia by a risk ratio of at least 3.55 each, above 
and beyond measured confounders, to fully explain the observed association. The E-value for the 
lower confidence limit was 3.41. These values suggest that substantial unmeasured confounding 
would be required to nullify the observed association. As a sensitivity analysis addressing potential 
reverse causality for pneumonia, we excluded events occurring within 7 days of antipsychotic 
initiation; the hazard ratio remained elevated at 1.85 (95% CI 1.78-1.92).

Literature Support: VanderWeele TJ, Ding P (2017). Sensitivity analysis in observational 
research: introducing the E-value. Ann Intern Med 167:268-274. Lipsitch M, Tchetgen Tchetgen E, 
Cohen T (2010). Negative controls: a tool for detecting confounding and bias in observational 
studies. Epidemiology 21:383-388.

---

STAT-005: Statistical Reporting (Minor)

Location: Methods section, Page 12; Table 1

The authors state that the Hosmer-Lemeshow test was used to assess propensity score model fit, 
but do not report the test results. Additionally, the Hosmer-Lemeshow test has known limitations 
including sensitivity to sample size (tends to reject in large samples like this one) and arbitrary 
grouping. More informative diagnostics such as calibration plots or the Brier score would provide 
better assessment of model calibration.

Evidence: "The Hosmer-Lemeshow test was used to test the fit of the models and interaction 
terms were included to improve the model fit."

Recommendation: Report the Hosmer-Lemeshow test statistic and p-value for completeness. 
Given the large sample size, consider supplementing with calibration plots (predicted vs. observed 
probabilities) and the Brier score. Describe which interaction terms were included and how they 
improved model fit.

Code Examples:

Stata (packages: None):
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* Fit propensity score model
logit treatment $covariates

* Hosmer-Lemeshow test
estat gof, group(10)

* Brier score
predict ps, pr
gen brier = (treatment - ps)^2
sum brier
di "Brier score: " r(mean)

* Calibration plot
xtile ps_decile = ps, nq(10)
collapse (mean) obs_rate = treatment pred_rate = ps, by(ps_decile)
twoway (scatter obs_rate pred_rate) (line pred_rate pred_rate), ///
       xlabel(0(0.1)1) ylabel(0(0.1)1) ///
       title("Calibration Plot") ///
       xtitle("Predicted Probability") ytitle("Observed Proportion")

Stata code for propensity score model calibration assessment

R (packages: ResourceSelection, ggplot2, dplyr):

library(ResourceSelection)
library(ggplot2)

# Hosmer-Lemeshow test
hl_test <- hoslem.test(df$treatment, df$ps, g = 10)
print(hl_test)

# Brier score
brier_score <- mean((df$treatment - df$ps)^2)
cat("Brier score:", brier_score, "\n")

# Calibration plot
df$ps_decile <- ntile(df$ps, 10)
cal_data <- df %>%
  group_by(ps_decile) %>%
  summarise(obs_rate = mean(treatment),
            pred_rate = mean(ps))

ggplot(cal_data, aes(x = pred_rate, y = obs_rate)) +
  geom_point() +
  geom_abline(intercept = 0, slope = 1, linetype = "dashed") +
  labs(title = "Calibration Plot",
       x = "Predicted Probability",
       y = "Observed Proportion") +
  xlim(0, 1) + ylim(0, 1)

R code for model calibration assessment

Example Write-up: > Propensity score model fit was assessed using the Hosmer-Lemeshow test 
�(�Ç�²�=�1�2�.�4�, df=8, p=0.13) and calibration plots showing predicted versus observed treatment 
probabilities (Supplementary Figure S8). The Brier score was 0.18, indicating adequate calibration. 
To improve model fit, we included interaction terms between age and serious mental illness, and 
between benzodiazepine use and antidepressant use, based on clinical plausibility and 
improvement in model discrimination.

Literature Support: Austin PC (2019). Assessing the performance of the generalized propensity 
score for estimating the effect of quantitative or continuous exposures on binary outcomes. Stat 
Med 38:2505-2527. Steyerberg EW et al. (2010). Assessing the performance of prediction models: 
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a framework for traditional and novel measures. Epidemiology 21:128-138.

---

STAT-006: Missing Data (Minor)

Location: Methods section, Page 12; Table 1

The authors handle missing data by creating an 'unknown' category for ethnicity, IMD, smoking, and
 alcohol use in the propensity score models. While this is a common pragmatic approach, it may 
introduce bias if missingness is related to both treatment and outcome (missing not at random). 
The proportion of missing data is substantial for some variables (ethnicity ~23%, alcohol use 
~27%), and the 'unknown' category approach assumes that missingness is a distinct category with 
its own treatment effect, which may not be valid.

Evidence: "Patients with missing information on ethnicity, IMD, smoking, or alcohol use, were 
grouped into an 'unknown' category for each of these variables and included into the propensity 
score models."

Recommendation: 1) Report the proportion of missing data for each covariate in a table. 2) 
Conduct a sensitivity analysis using multiple imputation to assess whether results are robust to the 
missing data handling approach. 3) Discuss the potential for bias if missingness is informative (e.g.,
 patients with missing ethnicity may differ systematically). 4) Consider whether the 'unknown' 
category is balanced between treated and control groups after weighting.

Code Examples:

Stata (packages: mi):

* Check missing data patterns
misstable summarize ethnicity imd smoking alcohol
misstable patterns ethnicity imd smoking alcohol

* Multiple imputation
mi set mlong
mi register imputed ethnicity imd smoking alcohol
mi impute chained (mlogit) ethnicity (ologit) imd smoking alcohol ///
    = treatment age sex $other_covariates, add(20) rseed(12345)

* Fit propensity score model on imputed data
mi estimate, post: logit treatment $covariates

* Generate propensity scores and IPTW for each imputation
mi xeq: predict ps_imp, pr
mi xeq: gen iptw_imp = cond(treatment==1, 1/ps_imp, 1/(1-ps_imp))

* Fit Cox model combining results across imputations
mi estimate: stcox i.exposure_status [pw=iptw_imp], strata(matched_set)

Stata code for multiple imputation sensitivity analysis

R (packages: mice, survival):
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library(mice)
library(survival)

# Check missing data pattern
md.pattern(df[, c("ethnicity", "imd", "smoking", "alcohol")])

# Multiple imputation
imp <- mice(df, m = 20, method = c(
  ethnicity = "polyreg",
  imd = "polr",
  smoking = "polyreg",
  alcohol = "polyreg"
), seed = 12345)

# Fit propensity score model on each imputed dataset
ps_models <- with(imp, glm(treatment ~ covariates, family = binomial))

# Pool results
pooled_ps <- pool(ps_models)
summary(pooled_ps)

# Fit Cox model on imputed data
cox_models <- with(imp, coxph(Surv(time, event) ~ exposure_status + 
                              strata(matched_set)))
pooled_cox <- pool(cox_models)
summary(pooled_cox)

R code for multiple imputation using mice package

Example Write-up: > Missing data were present for ethnicity (23.0%), alcohol use (26.7%), 
smoking status (6.0%), and IMD (<0.1%). In the primary analysis, missing values were coded as a 
separate 'unknown' category in the propensity score model. As a sensitivity analysis, we performed 
multiple imputation by chained equations (MICE) with 20 imputed datasets, assuming data were 
missing at random. Results were consistent with the primary analysis (Supplementary Table S9), 
with hazard ratios for current antipsychotic use differing by less than 5% across all outcomes.

Literature Support: Groenwold RH et al. (2012). Missing covariate data in clinical research: when 
and when not to use the missing-indicator method for analysis. CMAJ 184:1265-1269. White IR, 
Royston P, Wood AM (2011). Multiple imputation using chained equations: Issues and guidance for 
practice. Stat Med 30:377-399.

---

STAT-007: Statistical Reporting (Minor)

Location: Results section, Page 14; Table 2

Incidence rates are reported per 10,000 person-years but confidence intervals are only provided for
 the point estimates. Additionally, the incidence rate ratio (IRR) comparing antipsychotic users to 
matched comparators would be informative alongside the hazard ratios, as IRRs have a more 
intuitive interpretation for readers and provide a different perspective on the magnitude of 
association.

Evidence: "Table 2. Incidence rates (per 10,000 person years) of adverse outcomes associated 
with antipsychotic use during the full follow-up period... Stroke: Antipsychotics user 531.6 (509.4, 
554.8), Matched comparators 339.2 (335.2, 343.2)"

Recommendation: Consider adding a column with incidence rate ratios (IRR) and their 95% 
confidence intervals to Table 2. This provides complementary information to the hazard ratios and 
is easier to interpret. Also verify that confidence intervals for incidence rates are calculated 
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appropriately (e.g., using exact Poisson or normal approximation methods).

Code Examples:

Stata (packages: None):

* Calculate incidence rate ratio
stir treatment, per(10000)

* Or using Poisson regression
poisson outcome treatment, exposure(person_years) irr

* Confidence intervals for incidence rates
ci means outcome, poisson exposure(person_years) level(95)

Stata code for incidence rate ratio calculation

R (packages: epitools):

library(epitools)

# Calculate incidence rate ratio
irr_result <- rateratio(c(events_treated, events_control),
                        c(pyears_treated, pyears_control))
print(irr_result)

# Using Poisson regression
poisson_model <- glm(events ~ treatment + offset(log(person_years)),
                     family = poisson, data = df)
exp(coef(poisson_model)["treatment"])  # IRR
exp(confint(poisson_model)["treatment", ])  # 95% CI

R code for incidence rate ratio calculation

Example Write-up: > Incidence rates and incidence rate ratios (IRR) are presented in Table 2. For
 stroke, the incidence rate was 531.6 per 10,000 person-years (95% CI 509.4-554.8) among 
antipsychotic users compared with 339.2 (95% CI 335.2-343.2) among matched comparators, 
yielding an IRR of 1.57 (95% CI 1.50-1.64).

Literature Support: Rothman KJ, Greenland S, Lash TL (2008). Modern Epidemiology, 3rd ed. 
Chapter 4: Measures of Disease Frequency.

---

STAT-008: Study Design (Minor)

Location: Methods section, Pages 9-10; Study design paragraph

The incidence density sampling approach allows patients to serve as comparators multiple times 
and to later become exposed (at which point they are censored as comparators). While this is 
methodologically appropriate and the authors correctly describe it, the manuscript does not report 
how many times individual patients served as comparators or how many comparators later became
 exposed. This information would help readers understand the effective independence of 
observations and potential for correlation in the data.

Evidence: "The use of incidence density sampling means that an individual could be used as a 
matched comparator in multiple matched sets, and that patients were eligible to be a 'non-user' 
matched comparator up to the date of their first antipsychotic prescription."
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Recommendation: Report descriptive statistics on the matching: (1) median and range of number 
of matched comparators per exposed patient; (2) proportion of comparators who were matched to 
multiple exposed patients; (3) proportion of comparators who subsequently became exposed during
 follow-up. This information helps readers assess the complexity of the data structure.

Code Examples:

Stata (packages: None):

* Count comparators per exposed patient
bysort exposed_id: gen n_comparators = _N if exposed == 0
tab n_comparators if exposed == 1

* Count how many times each comparator appears
bysort comparator_id: gen n_matched_sets = _N if exposed == 0
tab n_matched_sets

* Proportion censored due to becoming exposed
gen censored_exposure = (exit_reason == "became_exposed")
tab censored_exposure if exposed == 0

Stata code for describing matching structure

R (packages: dplyr):

# Count comparators per exposed patient
comparators_per_exposed <- df %>%
  filter(exposed == 0) %>%
  group_by(exposed_id) %>%
  summarise(n_comparators = n())
summary(comparators_per_exposed$n_comparators)

# Count unique comparators vs total observations
n_unique_comparators <- n_distinct(df$comparator_id[df$exposed == 0])
n_total_comparator_obs <- sum(df$exposed == 0)
cat("Unique comparators:", n_unique_comparators, "\n")
cat("Total comparator observations:", n_total_comparator_obs, "\n")

# Proportion serving in multiple matched sets
multiple_sets <- df %>%
  filter(exposed == 0) %>%
  group_by(comparator_id) %>%
  summarise(n_sets = n_distinct(exposed_id)) %>%
  summarise(prop_multiple = mean(n_sets > 1))
print(multiple_sets)

R code for describing matching structure

Example Write-up: > Each antipsychotic user was matched to a median of 15 comparators (IQR 
14-15). Among the 344,232 matched comparator observations, these represented 156,789 unique 
individuals, with 45.3% serving as comparators in multiple matched sets (median 2 matched sets, 
range 1-12). During follow-up, 18.2% of comparator observations were censored due to subsequent
 antipsychotic initiation.

Literature Support: Suissa S (2015). The Quasi-cohort approach in pharmacoepidemiology: 
upgrading the nested case-control. Epidemiology 26:242-246. Richardson DB (2004). An incidence 
density sampling program for nested case-control analyses. Occup Environ Med 61:e59.

---
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STAT-009: Effect Size (Minor)

Location: Results section, Pages 14-15; Tables 3-4

While the study appropriately reports both relative risks (hazard ratios) and absolute risks 
(cumulative incidence differences), the clinical significance of these findings could be enhanced by 
reporting the number needed to harm (NNH). This metric is particularly useful for clinical 
decision-making and communicating risks to patients and caregivers.

Evidence: "At 90 days following a first prescription, absolute risk differences for antipsychotic users
 versus their matched comparators ranged from 3.37% (95% CI 3.12 to 3.62) for pneumonia, to 
0.19% (95% CI 0.11 to 0.28) for MI and 0.18% (95% CI 0.11 to 0.27) for VTE."

Recommendation: Calculate and report the number needed to harm (NNH) for each outcome at 
clinically relevant time points (e.g., 90 days, 1 year). NNH = 1 / absolute risk difference. Include 
confidence intervals for NNH using the delta method or Wald-type intervals.

Code Examples:

Stata (packages: None):

* Calculate NNH from absolute risk difference
local ard = 0.0337  // 3.37% for pneumonia
local ard_lo = 0.0312
local ard_hi = 0.0362

local nnh = 1 / `ard'
local nnh_lo = 1 / `ard_hi'  // Note: CI bounds are inverted
local nnh_hi = 1 / `ard_lo'

di "NNH for pneumonia at 90 days: " round(`nnh', 1) " (95% CI " round(`nnh_lo', 1) "
to " round(`nnh_hi', 1) ")"

Stata code for NNH calculation

R (packages: None):

# Calculate NNH from absolute risk difference
calculate_nnh <- function(ard, ard_lo, ard_hi) {
  nnh <- 1 / ard
  nnh_lo <- 1 / ard_hi  # CI bounds are inverted
  nnh_hi <- 1 / ard_lo
  return(c(NNH = round(nnh), CI_lo = round(nnh_lo), CI_hi = round(nnh_hi)))
}

# For pneumonia at 90 days
calculate_nnh(0.0337, 0.0312, 0.0362)

# Calculate for all outcomes
outcomes <- data.frame(
  outcome = c("Pneumonia", "Stroke", "Heart failure", "Fracture", "MI", "VTE"),
  ard = c(0.0337, 0.0088, 0.0053, 0.0067, 0.0019, 0.0018),
  ard_lo = c(0.0312, 0.0071, 0.0039, 0.0046, 0.0011, 0.0011),
  ard_hi = c(0.0362, 0.0107, 0.0067, 0.0089, 0.0028, 0.0027)
)

outcomes$NNH <- round(1 / outcomes$ard)
outcomes$NNH_lo <- round(1 / outcomes$ard_hi)
outcomes$NNH_hi <- round(1 / outcomes$ard_lo)
print(outcomes)
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R code for NNH calculation with confidence intervals

Example Write-up: > At 90 days, the number needed to harm (NNH) was 30 (95% CI 28-32) for 
pneumonia, meaning that for every 30 patients with dementia treated with antipsychotics, one 
additional case of pneumonia would be expected compared with non-use. NNH values for other 
outcomes at 90 days were: 114 (95% CI 93-141) for stroke, 189 (95% CI 179-200) for heart failure, 
149 (95% CI 112-218) for fracture, 526 (95% CI 357-909) for MI, and 556 (95% CI 370-909) for 
VTE.

Literature Support: Altman DG, Andersen PK (1999). Calculating the number needed to treat for 
trials where the outcome is time to an event. BMJ 319:1492-1495. Maust DT et al. (2015). 
Antipsychotics, other psychotropics, and the risk of death in patients with dementia: number 
needed to harm. JAMA Psychiatry 72:438-445.

---

STAT-010: Statistical Reporting (Minor)

Location: Methods section, Page 12; Results section, Page 15

The competing risks analysis for cumulative incidence is mentioned but methodological details are 
sparse. The authors cite Gooley et al. (1999) for the approach, but do not specify whether they 
used the Aalen-Johansen estimator, the cumulative incidence function (CIF), or another method. 
Additionally, it is unclear whether death was the only competing event considered or whether other 
outcomes could also compete (e.g., for AKI analysis, whether ESKD was treated as a competing 
event in addition to death).

Evidence: "We calculated cumulative incidence percentages (absolute risks) for each outcome 
accounting for competing mortality risks based on the recommendations made by Gooley et al."

Recommendation: Specify the exact method used for competing risks analysis (e.g., 
Aalen-Johansen estimator, cumulative incidence function). Clarify which events were treated as 
competing risks for each outcome. For the AKI analysis, clarify whether ESKD was a competing 
risk or a censoring event.

Code Examples:

Stata (packages: stcompet):

* Cumulative incidence with competing risks
stset time, failure(event == 1) exit(time .)
stcompet ci = ci, compet1(2) // event=1 is outcome, event=2 is death

* Plot cumulative incidence functions
twoway (line ci time if event == 1 & treatment == 1, sort) ///
       (line ci time if event == 1 & treatment == 0, sort), ///
       legend(order(1 "Treated" 2 "Control")) ///
       title("Cumulative Incidence with Competing Mortality")

Stata code for competing risks cumulative incidence

R (packages: cmprsk, survival, tidycmprsk):
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library(cmprsk)
library(survival)

# Cumulative incidence function with competing risks
# event: 0=censored, 1=outcome, 2=death
cif <- cuminc(ftime = df$time, 
              fstatus = df$event_status,
              group = df$treatment)

# Plot
plot(cif, xlab = "Days", ylab = "Cumulative Incidence",
     main = "Cumulative Incidence with Competing Mortality")

# Get estimates at specific time points
timepoints(cif, times = c(90, 180, 365))

# Alternative using tidycmprsk
library(tidycmprsk)
cif_fit <- cuminc(Surv(time, event_status) ~ treatment, data = df)
ggcuminc(cif_fit) + 
  add_confidence_interval() +
  add_risktable()

R code for competing risks analysis using cmprsk package

Example Write-up: > Cumulative incidence was estimated using the Aalen-Johansen estimator, 
treating death from any cause as a competing risk. For the AKI analysis, both death and end-stage 
kidney disease (ESKD) were treated as competing events. Confidence intervals were calculated 
using the log-log transformation. Analyses were conducted using the 'stcompet' command in Stata.

Literature Support: Gooley TA et al. (1999). Estimation of failure probabilities in the presence of 
competing risks: new representations of old estimators. Stat Med 18:695-706. Fine JP, Gray RJ 
(1999). A proportional hazards model for the subdistribution of a competing risk. JASA 94:496-509.

---
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Results Accuracy Verification
Model: anthropic/claude-opus-4-5-20251101

Results Accuracy Verification

Discipline: Medicine - Pharmacoepidemiology/Clinical Epidemiology

Tables Reviewed: 4 Figures Reviewed: 1

Overall Assessment: Acceptable

Summary

This pharmacoepidemiological study examining antipsychotic use in dementia patients presents 
statistically plausible results, but comprehensive verification is severely limited by incomplete table 
extraction. Key findings: (1) All verifiable hazard ratios and confidence intervals are mathematically 
valid - point estimates fall within CIs, CIs are properly ordered, and ratios are positive. (2) Partial 
incidence rate calculations from Table 2 verified correctly (stroke: 531.6, VTE: 144.0 per 10,000 
PY). (3) Four major tables could not be fully extracted, preventing complete text-table concordance 
verification. (4) Minor presentation inconsistencies noted in decimal precision. (5) No critical 
statistical errors identified in available data. The manuscript would benefit from complete table data 
submission for thorough verification of all reported statistics against source tables.

Major Issues

ACC-001 [missing_content] - Location: Table 1 - Table 1 content could not be extracted for 
verification. The table is referenced in the text as showing baseline characteristics of patients for 
stroke analysis before and after IPT weighting, but the actual table data is not available for review.
- Recommendation: Provide complete Table 1 data for verification of baseline characteristics, 
sample sizes, and standardised differences reported in text.

ACC-002 [missing_content] - Location: Table 2 - Table 2 content could not be fully extracted. 
Partial data visible shows incidence rates for stroke and VTE but complete table data needed to 
verify all outcomes mentioned in text (MI, heart failure, ventricular arrhythmia, fracture, pneumonia, 
AKI). - Recommendation: Provide complete Table 2 data for verification of all incidence rates and 
person-years across all outcomes.

ACC-003 [missing_content] - Location: Table 3 - Table 3 content could not be extracted for 
verification. The table is referenced as showing HRs stratified by follow-up time, with specific values
 cited in text (e.g., HR 9.99 for pneumonia in first 7 days, HR 3.39 for 8-30 days). - 
Recommendation: Provide complete Table 3 data for verification of time-stratified hazard ratios.

ACC-004 [missing_content] - Location: Table 4 - Table 4 content could not be fully extracted. 
Partial data visible for stroke cumulative incidence but complete data needed to verify all outcomes 
and time points (90, 180, 365 days). - Recommendation: Provide complete Table 4 data for 
verification of cumulative incidence percentages across all outcomes and time points.

ACC-011 [cross_table_consistency] - Location: Table 2 partial data - Partial Table 2 data shows 
stroke: 2111 outcomes, 39,710 person-years for antipsychotic users; 27,310 outcomes, 805,143 
person-years for matched comparators. Incidence rate calculation: 2111/3971010000 = 531.6 per 
10,000 PY (matches). 27310/80514310000 = 339.2 per 10,000 PY (matches). VTE: 711/49374
10000 = 144.0 (matches), 10467/103147810000 = 101.5 (matches). - Recommendation: Partial 
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verification successful for visible data. Complete verification requires full table extraction.

Minor Issues

ACC-005 [internal_consistency] - The VTE hazard ratio is reported without its full confidence 
interval in the Results section. Text states 'VTE HR=1.50' but the CI is cut off at page break. The 
Abstract reports HR 1.50 (95% CI 1.36 to 1.65) which should be verified against the full text. - 
Recommendation: Verify the complete CI for VTE is consistently reported as (1.36 to 1.65) 
throughout the manuscript.

ACC-006 [statistical_plausibility] - All reported hazard ratios and confidence intervals appear 
statistically plausible. Point estimates fall within their CIs, CIs have lower bound < upper bound, 
and ratios are positive. For example: HR=2.07 (95% CI 2.00 to 2.14) - point estimate 2.07 is within 
[2.00, 2.14]. - Recommendation: No action needed - statistical values are plausible.

ACC-007 [narrative_alignment] - Text states 'No elevated risks for heart failure was found for 
current users after 180 days' - grammatical error ('was' should be 'were'), but the statistical claim 
should be verified against Table 3 data which is unavailable. - Recommendation: Correct grammar 
to 'No elevated risks for heart failure were found' and verify claim against Table 3 data.

ACC-008 [text_table_mismatch] - Partial Table 4 data shows stroke cumulative incidence at 90 
days for antipsychotic users as 1.94% (95% CI 1.76, 2.12). The text discusses cumulative 
incidence but focuses on pneumonia. Cross-verification limited due to incomplete table extraction. -
 Recommendation: Verify all cumulative incidence values in text match Table 4 once complete data 
is available.

ACC-009 [presentation] - Inconsistent decimal precision in hazard ratios. Some HRs reported to 2 
decimal places (e.g., HR=1.86, HR=2.07) while pneumonia HR in Table 3 description uses 3 
significant figures (HR 9.99). CI bounds also vary in precision. - Recommendation: Standardize 
decimal precision for all HRs and CIs throughout the manuscript (recommend 2 decimal places 
consistently).

ACC-010 [statistical_plausibility] - The HR of 9.99 (95% CI 8.78 to 11.4) for pneumonia in first 7 
days is statistically plausible (point estimate within CI, CI properly ordered, ratio positive). However,
 this very high HR warrants attention as authors acknowledge potential reverse causality. - 
Recommendation: No statistical error, but ensure discussion adequately addresses the potential for
 reverse causality contributing to this high estimate.

ACC-012 [presentation] - Duplicate equations detected. Formulas 1-6 and 9-14 appear to be 
duplicates (e.g., Formula 1 R=1.86 duplicates Formula 9 HR=1.86; Formula 3 R=2.07 duplicates 
Formula 11 HR=2.07). This may be an extraction artifact but should be verified. - 
Recommendation: Verify whether these are true duplicates in the manuscript or extraction artifacts. 
If duplicates exist, consolidate.

ACC-013 [missing_content] - Figure 1 is referenced as showing HRs for current, recent, past and 
any exposure to antipsychotics. The figure description is truncated and actual figure data cannot be
 verified against text values. - Recommendation: Provide complete Figure 1 for verification of all 
HR values displayed match those reported in text.

ACC-014 [narrative_alignment] - Text reports 'marginally statistically significant association with 
past use (HR 1.51, 95% CI 1.01 to 2.25)' for negative control outcome. The CI lower bound of 1.01 
just excludes 1.0, making this statistically significant at p<0.05. The term 'marginally significant' is 
appropriate. - Recommendation: No action needed - narrative accurately describes the borderline 
significance.

Table Verification Status
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• Table 1: '�  Issues Found
  

- Table content could not be extracted. Cannot verify baseline 
characteristics, sample sizes, or standardised differences.

• Table 2: '�  Passed
  

- Partial data verified: Incidence rate calculations for stroke and VTE are 
mathematically correct. Full verification requires complete table.

• Table 3: '�  Issues Found
  

- Table content could not be extracted. Cannot verify time-stratified 
HRs including the reported HR 9.99 for pneumonia.

• Table 4: '�  Issues Found
  

- Partial data visible for stroke only. Cannot verify cumulative 
incidence for all outcomes across all time points.

Page 39 of 42Generated by PeerGenius.ai



Scientific Technical Writer
Model: anthropic/claude-opus-4-5-20251101

Consolidated Peer Review: Writing Quality Assessment

Quick Profile

• Discipline: Biomedical Sciences (Pharmacoepidemiology)

• Document Type: Original research article (population-based cohort study)

• Overall Writing Quality: Good

• Priority Areas: Abbreviation standardization in supplementary materials, minor formatting 
inconsistencies in code tables

Summary Assessment

This pharmacoepidemiological manuscript examining antipsychotic-associated risks is well-written 
overall, with clear structure and appropriate use of technical terminology. The main text 
demonstrates good writing quality with logical organization suitable for a cohort study. The bulk of 
the document consists of supplementary code lists (drug codes, clinical diagnosis codes across 
multiple coding systems), which serve their reference purpose effectively but contain several minor 
inconsistencies that could affect reproducibility.

The writing in the prose sections appropriately reports both relative and absolute risks, uses 
medical and epidemiological terms correctly, and defines abbreviations such as BPSD, IPTW, and 
incidence density sampling. The supplementary materials are comprehensive but would benefit 
from standardization of abbreviations and brief explanatory text.

Major Concerns

No major writing quality concerns were identified. The manuscript's prose is clear, grammatically 
sound, and follows conventions appropriate for pharmacoepidemiological research.

Minor Issues

Pattern 1: Inconsistent Abbreviation Usage in Code Tables

Severity: MINOR

Locations: Supplementary code lists (Sections 3 and 4) — fracture diagnosis codes

Description: Multiple abbreviation variants exist for the same terms throughout the fracture code 
tables:

• "cls" vs. "closed"

• "opn" vs. "open"  

• "prim" vs. "prmy" (for primary)
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• "fxn" vs. "fixation" vs. "fixatn" vs. "fxtn"

Rationale: While these are inherited from source coding systems and may not be modifiable, this 
inconsistency could cause confusion when researchers attempt to replicate the study or search for 
specific codes. Consider adding a brief abbreviation key to the supplementary materials if these 
variations cannot be standardized.

Pattern 2: Typographical Errors in ICD-10 Descriptions

Severity: MINOR

Location: Supplementary code lists (Section 2) — ICD-10 code descriptions

Description: The section review notes typographical errors in ICD-10 descriptions, though specific 
instances were not fully enumerated due to the review being cut off.

Rationale: Accurate transcription of standardized code descriptions is important for reproducibility 
and for readers who may use these lists as references.

Pattern 3: Missing Introductory Text for Supplementary Code Lists

Severity: MINOR (SUGGESTION)

Location: All supplementary code list sections

Description: The code lists lack brief introductory sentences explaining their purpose, development
 methodology, or validation approach.

Suggested Revision: Add 1-2 sentences at the beginning of the supplementary materials 
explaining: (1) how codes were selected/validated, (2) the date of code extraction, and (3) any 
inclusion/exclusion criteria applied.

Rationale: While the main manuscript likely addresses code list development, brief contextual 
notes in the supplementary materials would enhance standalone usability and transparency.

Strengths

1. Clear and logical structure: The manuscript follows a well-organized format appropriate for a 
population-based cohort study, with clear delineation between sections that facilitates reader 
comprehension.

2. Comprehensive clinical reporting: Both relative and absolute risks are reported, providing 
clinically meaningful context that aids interpretation beyond statistical significance.

3. Appropriate technical terminology: Medical and epidemiological terms (BPSD, IPTW, 
incidence density sampling) are used correctly and defined appropriately for the target 
audience.

4. Thorough supplementary documentation: Code lists are comprehensive, covering multiple 
coding systems (SNOMED CT, ICD-10, Read codes, product codes) across both CPRD 
Aurum and GOLD databases, which substantially enhances reproducibility.

5. Methodological transparency: The inclusion of clearly labeled negative control outcomes 
(appendicitis, cholecystitis) and the "History_only" column distinguishing historical from 
incident conditions demonstrates rigorous attention to methodological detail.
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6. Systematic organization of reference materials: Codes are logically organized by outcome 
category and anatomical region, making the extensive supplementary materials navigable for 
researchers.

Overall Recommendation

Assessment: Accept with Minor Revisions

This manuscript demonstrates good writing quality throughout. The prose sections are clear, 
well-structured, and adhere to conventions appropriate for pharmacoepidemiological research in 
the biomedical sciences. The identified issues are confined to the supplementary code list materials
 and are minor in nature—primarily involving inherited abbreviation inconsistencies from source 
coding systems and the absence of brief explanatory text.

Recommended revisions: 1. Review ICD-10 code descriptions for typographical errors and 
correct as needed 2. Consider adding a brief abbreviation key for the fracture code tables if 
standardization is not feasible 3. Add 1-2 introductory sentences to the supplementary materials 
explaining code list development

These minor refinements would enhance the manuscript's reproducibility and usability without 
requiring substantive changes to the text.
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