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• Indoor air pollution and 
health


• Panel studies in vulnerable 
groups (COPD, asthma)


• Environmental interventions 
and clinical trials


• Longitudinal data, causal 
inference, mediation

About Me



About Me
• Outdoor air pollution and 

health


• Air pollution epidemiology


• Ambient air quality 
standards


• Time series, spatial 
statistics, hierarchical 
modeling



What is Reproducibility?

• Reproducible research - independently recreating 
original numerical and other results from a publication 
using the same dataset and (ideally) the same code.


• Replication - independently obtaining similar or 
consistent results using new data and similar approaches/
methods


• Barba (2018) found no agreement on the definitions of 
replication and reproducibility across many fields



Borrowing Ideas From Open 
Source Software

Peng et al. 2006



Goals of Reproducibility
• Communicating the details of an 

investigation


• Increase trust in the data analysis


• Provide tools for learning about data 
analysis


• Usable / Transferable software


• Sharing of data

Goals

By-Products



Yes, but....

Leek & Peng 2015



Reproducibility Limitations

• An extension of the traditional model of publication (paper 
+ data + software vs. paper)


• Reproducible analyses allow us to uncover problems but 
still long after they occur 

• Not useful for preventing the release of poor quality data 
analysis


• Data privacy is an increasingly important consideration



Why is Reproducibility Important?

• Data analyses can produce two important outcomes:


• Results that are unexpected - a deviation/anomaly - Why?


• Results that are as-expected - What if?


• Without code or data


• We cannot explain why a given result occurred without details 
of the underlying systems that produced the results


• We cannot improve future data analyses and prevent mistakes 
or errors


• But....



Example: Data Cleaning System

• Read CSV file


• Remove rows containing missing values


• Coerce text to numeric values


• Output clean dataset


• CHECK: Count number of rows in clean dataset



A Data Cleaning System
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Developing Expectations
• Expectation: 10% of rows have missing values


• Original dataset 100 rows --> Clean dataset 90 rows


• Detailed knowledge of messiness of data collection; 
10% missing is common


• Previous experience with measurements


• Software system unreliable; data gets corrupted


• What if number of rows in clean dataset is 15?



A Data Cleaning System
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Diagnosing the Problem
• Source of the unexpected outcome can arise from code, 

statistics, or science


• Detailed knowledge is required even for a "simple" data 
cleaning operation


• Possible follow-up action may vary widely depending on 
the root cause


• Code alone is likely to be sufficient to diagnose the 
problem



Diagnosing the Problem

• An extra step can be added to the data cleaning sub-
system that generates an error message if the cleaned 
dataset has fewer than a certain number of rows.


• Call the data collection team to see if there were any 
recent problems in the latest batch of data. 


• A protocol can be put in place where the data collection 
team messages the data scientist if a future batch of 
data has greater than expected missing observations. 



Representing the Analysis

• Code only gives a picture into a single "system" of the 
analysis


• Problems / failures / unexpected outcomes can originate 
elsewhere, beyond the code


• Successfully executing an analysis is only one goal


• Understanding an analysis and its sensitivities is also 
important



Representing Data Analysis

• What is the best way to present the details of a data 
analysis? Code? Or....


• What goals are we trying to achieve?


• Should we have multiple representations?


• How can we communicate "what we have learned" about 
data analysis?



How do we 
describe music?





Laidback Luke

Music "Code"



Caroline Shaw, Valencia



A Balancing Act
• Each musical representation balances trade-offs for 

performers and composers


• Complexity, tool-dependence 


• length, compactness, longevity


• dependence on external knowledge


• abstraction


• Data analytic representations make similar trade-offs



Computing the Mean

library(tidyverse)

read_csv("dataset.csv") %>%

  filter(!is.na(PM)) %>%

  summarize(avg = mean(PM)) %>%

  print()

Read in data Remove NA 
values

Compute mean 
of remaining 

values
Output x̄

What is the average level of PM2.5 air pollution in Baltimore City?

x̄ ∈ [8,12]Expectation



Anomaly Set

• This system has a single output: 


• The set of expected outcomes is 


• The anomaly set of the system is the set of possible 
values of  that would be considered anomalies if they 
were observed

x̄

[8,12]

x̄

Read in data Remove NA 
values

Compute mean 
of remaining 

values
Output x̄



Data Analysis Outcomes

Read in data Remove NA 
values

Compute mean 
of remaining 

values
Output x̄

Dataset: Air pollution monitoring 
network of 30 sensors around Baltimore

x̄ = 25

x̄ ∈ [8,12]

How did this 
happen?

Expectation

Observation



Data Analytic System

library(tidyverse)

read_csv("dataset.csv") %>%

  filter(!is.na(PM)) %>%

  summarize(avg = mean(PM)) %>%

  print()

Read in data Remove NA 
values

Compute mean 
of remaining 

values
Output x̄

What is the average level of PM2.5 air pollution in Baltimore City?

x̄ ∈ [8,12] Code doesn't really tell 
us what went wrong!Expectation

x̄ = 25Observation



Anomaly Diagnosis

Read in data Remove NA 
values

Compute mean of 
remaining values Output x̄

Logical OR gate



Anomaly Diagnosis

Read in data Remove NA 
values

Compute mean of 
remaining values Output x̄



Anomaly Diagnosis

Misunderstanding of process that generates data

Read in data Remove NA 
values

Compute mean of 
remaining values Output x̄



Anomaly Diagnosis

Misunderstanding of process that generates data

Read in data Remove NA 
values

Compute mean of 
remaining values Output x̄



Anomaly Diagnosis

Read in data Remove NA 
values

Compute mean of 
remaining values Output x̄



Fault Tree

Root causes

Top-level anomaly

OR gate

AND gate

Read in data Remove NA 
values

Compute mean of 
remaining values Output x̄



Representing Data Analysis

• A data analysis is the interaction of multiple systems: 
scientific, analytic, and software


• There is value in describing a data analysis in terms of its 
unexpected outcomes to gain visibility into all three systems


• Readers can understand how/why results might deviate 
from expectations without having to pore over code


• Fault tree can highlight weaknesses in the analytic design


• Key assumptions may be violated and deserve checking



Case Study



Findings Not Reproducible
• Keith Baggerly and Kevin Coombes attempted to reproduce the findings 

but could not


• Many basic data data management problems were eventually reverse 
engineered


• Off-by-one row mismatches


• Switching of outcome labels (sensitive/resistant)


• Duplication of observations


• Genes cited but not found on arrays


• Evidence of incompetence and fraud



“Front Page” Biostatisticians

New York Times





Institute of Medicine Committee



The IOM Report
• Data/metadata used to develop test should be made 

publicly available


• The computer code and fully specified computational 
procedures used or development of the omics-based test 
should be made available


• Ideally, the computer code that is released will encompass 
all of the steps of computational analysis, including all 
data preprocessing steps


• A strong call for reproducibility and transparency



Where to Intervene?
Research 

Conducted

Human Clinical 
Trials

Publication

Publicly Available

????

IOM Report 
focused on 

preventing harm

Data and Code 
(reproducibility)



Lessons?

• Reproducibility


• Expertise and training


• Publication pressure; glamour journals


• Funding, conflicts of interest


• Very little visibility into the system generating results
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New Details Emerge (Jan 2015)

The Cancer Letter, January 2015



The Perez Memo (cont’d)
“At this point, I believe that the situation is serious 
enough that all further analysis should be stopped to 
evaluate what is known about each predictor and it 
should be reconsidered which are appropriate to 
continue using and under what circumstances…. I would 
argue that at this point nothing…should be taken for 
granted. All claims of predictor validations should be 
independently and blindly performed.” [emphasis 
added]


-Memo from Bradford Perez, April 2008 (The Cancer 
Letter)
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Lessons Learned
• Analyses were not “too complicated” in that there was 

insufficient expertise; problems were readily recognized


• Lab/institute cultural problems lead to unwillingness to 
communicate obvious problems


• From the analyst perspective, a breakdown in 
communication is an early warning sign of potential data 
analytic problems


• Making published analyses more reproducible likely 
would not have changed much



Lessons Learned
• Most common problems are simple


• Most simple problems are common


• Lack of reproducibility hides simplicity of errors


• Recommendations: Reproducible reporting, better report 
structure, check for common errors (i.e. "severing data 
from its associated annotations")


• Implicit: Good team structure for constant iteration and 
improvement

Baggerly & Coombes (2009) Ann. Appl. Stat.



Reproducibility is Key To 
Improving Data Analysis

• Without code or data


• We cannot explain why a given result occurred by detailing the 
underlying systems that produced the results


• We cannot improve future data analyses and avoid mistakes


• But...


• Without working feedback loops and open communication, 
errors may not be prevented 

• Code alone may be insufficient for diagnosing unexpected or 
surprising results



Why is Data Analysis Hard?

https://simplystatistics.org/2020/11/24/the-four-jobs-of-the-data-scientist/



1. Construct set of expected outcomes


2. Build/Apply analytic system to data 
and recognize anomalies in output


3. Enumerate potential root causes


4. Make a decision and implement 
revisions, balancing any trade-offs

Data Analytic Iteration

Scientist

Statistician

Systems Engineer

Politician

Activity Role



Summary
• Reproducibility represents the start of a large-scale 

iteration where we learn about a data analysis


• Code and data are essential for describing what was 
done


• New representations of data analysis are needed to more 
easily diagnose problems in data analyses


• Reproducibility must be coupled with feedback loops, 
open communication to drive an improvement in data 
analytic quality


