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The Basic and Applied Social Psychology (BASP) 2014 Editorial emphasized that the null hypothesis 

significance testing procedure (NHSTP) is invalid, and thus authors would be not required to 

perform it (Trafimow, 2014). However, to allow authors a grace period, the Editorial stopped short of 

actually banning the NHSTP. The purpose of the present Editorial is to announce that the grace 
period is over. From now on, BASP is banning the NHSTP.

https://tandfonline.com/doi/full/10.1080/01973533.2015.1012991

https://tandfonline.com/doi/full/10.1080/01973533.2015.1012991
https://tandfonline.com/doi/full/10.1080/01973533.2015.1012991
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Reproducible Research
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Replicable Research

Kenett, R.S. and Shmueli, G. (2015) Clarifying the terminology that describes 
scientific reproducibility, Nature Methods, Vol. 12(8), p 699. 



Reproducibility versus Replicability

“Reproducibility requires changes; replicability avoids them. A critical point of
reproducing an experimental result is that irrelevant things are intentionally not
replicated. One might say, one should replicate the result not the experiment.”

Proc. of the Evaluation Methods for Machine Learning 
Workshop at the 26 th ICML, Montreal, Canada, 2009.

A highly standardized experiment supplies direct information only in respect of 

the narrow range of conditions achieved by standardization. Standardization, 

therefore, weakens rather than strengthens our ground for inferring a result, 

when, as is the case in practice, these conditions are somewhat varied. 
Ronald A. Fisher 1935 
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Reproducibility in Animal Behavior

• Standardization is the attempt to increase reproducibility at the expense of 

external validity

• Standardization reduces external validity and thus also reproducibility 

• Heterogenization increases external validity and thus also reproducibility

Würbel et al. 2000 Nature Genetics

Richter et al. 2010 Nature Methods

Richter et al. 2011 PLoS ONE 
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Predicting Changes in Quarterly Corporate 
Earnings Using Economic Indicators

This study looks at corporate earnings in relation 
to an existing theory of business forecasting 
developed by Joseph H. Ellis (former research 
analyst at Goldman Sachs).
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Predicting ZILLOW.com’s accuracy

Zillow.com is a free real estate service that 
calculates an estimated home valuation 
("Zestimate") as a starting point for anyone to 
see for most homes in the U.S. The study looks 
at the accuracy of Zestimates.
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• Data collected, cleansed and 
merged from 4 sources –Zillow 
, Redfin, School Digger and 
Google Maps

• 17 counties (29 Zip codes) in 
Northern VA

House sales data
• Before Data Clean up: 3500+
• After Data Clean up: 1416
• Y –Is Zestimate correct (Y/N) 

37.6%/62.43%
• X –15 variables (5+ variables 

where discarded from initial 
set )

InfoQ=82%



Predicting First Day Returns for 
Japanese IPOs

An Initial Public Offering (IPO)  is the first sale of 
stock by a company to the public. The study looks 
at the first-day returns on IPOs of Japanese 
companies.
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Goal: To predict the First Day returns on Japanese IPOs (based on first 
day closing price), using public information available prior to the offer
The data: i) Japanese IPO data from 1997-2009*, ii) 1561 IPOs, iii) 
Industry(categorical) : 35 industries - 3 were spelling errors, corrected
Remove Air Trans (1), Fishery & Forestry (2) industries
–Removed first 128 entries (1997-1999) as they had no data for 2 
columns : Underwriter’s fees & Allocation to BRLM
–New Columns
Minimum bid size
Secondary Offering %age
–Creation of Dummy Variables
BRLMs – 3, on the basis of Gross proceeds of IPO
Industry – 4, binned by average return
Market – whether the IPO was OTC or not

InfoQ=66%
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The statistical analysis section 

states: “Data are shown as the 

mean ± SEM. Statistical 

analyses were performed using 

unpaired Student’s t tests. For 

repeated measures, data were 

analysed by ANOVA followed 

by Tukey’s multiple comparison 

test or t test with Holm–Sidak

correction for multiple 

comparisons as appropriate and 

as described in Hodson et al. 

(2016). P < 0.05 was considered 

statistically significant.”

Research 
claims
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In communicating their findings, they list Key Points. The first three being:

• The carotid body is a peripheral arterial chemoreceptor that regulates ventilation in 

response to both acute and sustained hypoxia.

• Type I cells in this organ respond to low oxygen both acutely by depolarization and 

dense core vesicle secretion and, over the longer term, via cellular proliferation and 

enhanced ventilatory responses.

• Using lineage analysis, the present study shows that the Type I cell lineage itself 

proliferates and expands in response to sustained hypoxia.

These are statements supported by statistical analysis but formulated in plain language so 

that they can be communicated.

Two questions come to mind in reviewing this list:

Question 1. What did they not find?

Question 2. What is the probability that they got it wrong? For example, that 

the Type I cell lineage itself shrinks in response to sustained hypoxia.

https://psyarxiv.com/jqw35

https://psyarxiv.com/jqw35
giuseppe.gerardi
Rectangle
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“What he emphasized 
above all was the act of 
human understanding. His 
preferred means of 
attaining the understanding 
of a problem was to find the 
right generalization of its 
core concepts, often in the 
form of an analogy.”

Princeton University Press, 2012 J. Gray, preface to Henri Poincarre, 
a scientific biography



“A concept is an abstraction or generalization 
from experience or the result of a 
transformation of existing concepts.”

Wikipedia

A concept can be represented in alternative forms

Tree

How do we communicate research outcomes?
27
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Y = X2

Alternative representations 
with Meaning Equivalence

Q2

Q2: Looks different but carries same meaning
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Alternative representations 
with Surface Similarity

Q3

Q3: Looks similar but carries a different meaning
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Shafrir, U. and Kenett, R.S. (2015), Concept Science Evidence-Based MERLO Learning Analytics, in 
Handbook of Applied Learning Theory and Design in Modern Education, IGI Global
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An example
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“The quality of life of patients and families 

affected with a food allergy to staple foods (milk, 

egg, sesame, peanut) is impaired” 

is equivalent in meaning to: “Food allergy in 

children impacts negatively on day to day 

activities of the whole family “

“Food allergy in children impacts negatively on 

day to day activities of the whole family “ has 

surface similarity to: “Educating patients on 

strict avoidance and carrying an epinephrine 

autoinjector, is completely effective in avoiding 

accidental exposures in preschool children”. 
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BOM
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Another 
example



The medical problem

Colorectal cancer (CRC):

- The 3rd most common cancer diagnosed in USA.

- The 2nd leading cause of cancer-related death.

CRC treatment: 

- Surgery 

- Chemo/radio adjuvant therapy – depending on the CRC stage

Rex, D.K., et al. Gastroenterology, 112: 24, 1997.

Levin, B., et al. Gastroenterology, 134: 1570, 2008.

Mayer R.J. et al. N. Engl. J Med, 352: 476, 2005.

Vogelstein B. et al. N. Engl. J Med, 319: 525, 1998.

Edwards BK. et al. Cancer, 116: 544, 2010. 

• Overall incidence of CRC decline due to an advance in:

- early diagnosis

- improved medical treatments.

• This decline could even accelerate if efficient screening system is available.
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The concept

IV administration

Luminal
inspection

Insonation

1

2

3

Bloch M, et al. Int. J. Pharm, 478: 504, 2015.

Hypotheses:

1. Targetability of Flu-CPAA towards dysplastic colon tissues is improved by adding  

a recognition peptide (Flu-CPAA-Pep).

2. Microbubbles protect Flu-CPAA and Flu-CPAA-Pep from premature affinity in the 

blood stream.

39
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Power of the in vitro studies Power of the in vivo studies



Interaction plot for the in vitro studies

Interaction of the 
peptide with the 

cationic monomer 
fraction

41 Bloch M., et al., Pol. Adv. Tech. , 26: 898, 2015



Main Findings

1. Increasing the charge density of Flu- CPAA-Pep leads to cross-reaction with the 

recognition peptide, VRPMPLQ .

2. Apart of Flu- CPAA-100, incorporation of the polymers into MBs did not 

significantly affect the MBs echogenic properties. 

3. Flu-CPAA-Pep binds to dysplasia regions, after both IV and rectal administrations 

in the rat model. 

4. Fragmenting MBs into SPF does not interfere with the affinity of Flu-CPAA and Flu-

CPAA-Pep to malignant colon tissues after IV or rectal administrations in the rat.

5. SPF protected their  Flu-CPAA-Pep cargo from non-specific interaction with serum 

proteins. 

42 Bloch M., et al., Pol. Adv. Tech. , 26: 898, 2015
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Type S (sign) errors

45
Type S error: θ1 > θ2, but I claim that θ1 < θ2 (or vice versa)

“Contrary to the common impression, retrospective design calculation may be more 
relevant for statistically significant findings than for nonsignificant findings: The 
interpretation of a statistically significant result can change drastically depending on 
the plausible size of the underlying effect.
Like power analysis, the design calculations we recommend 
require external estimates of effect sizes or population differences.”
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Type S error: θ1 > θ2, but I claim that θ1 < θ2 (or vice versa)

Use a value (or 
set of values) of 
the treatment 

effect considered 
plausible in 

advance of doing 
the study. 

Condition on a 
result being 
significant to 
calculate the 

Bayesian 
posterior 

probability of its 
being of the 

correct sign (S) 



Testing a BOM
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A Type I error consists of rejecting the “null hypothesis” (roughly 
speaking, the assumption of no effect, the hypothesis you typically 
set out to disprove) in favour of the “alternative hypothesis” when 
in fact the null hypothesis is true. 

A Type II error consists of accepting the null hypothesis (technically, 
failing to reject the null hypothesis) when in fact the null hypothesis 
is false.

Type S errors (claiming θ1 ≠ θ2 but concluding θ1 > θ2 when θ1 < θ2 )

Type  M errors (magnitude errors, concluding that an effect is 
larger than it truly is).

Identify effects Interpret significant effects



Type S (sign) errors
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For studies with high power, the Type S error rate is low. 

When power goes below 0.1, the Type S error rate becomes 

high so that statistically significant estimates are likely to be 

the wrong sign.
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Type S (sign) errors



•1. How should we practice 
Statistics? 1) Embracing a life 
cycle perspective, from problem 
elicitation to generalization, 
operationalization and 
communication of findings. 2) 
Addressing information quality 
which is relevant at the design, 
monitoring and retrospective 
evaluation phases

• 2. What should we teach in 
Statistics/Data Science/Analytic 
courses? The conceptual 
understanding of Statistical 
methods and thinking is hard to 
teach. The appendix of Chapter 6 
in Kenett and Shmueli (2016) is 
about teaching conceptual 
understanding in introductory 
Statistics courses
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3. How should we teach in 
Statistics/Data Science/Analytic 
courses? Experimenting with flipped 
classroom strategies, where the class is 
used for discussion and the learning is 
individual and off-class, is a possible 
approach.

4. What are research areas for statistics 
and analytics to focus on? Areas that are 
of interest in the current interface of 
Statistics and Machine Learning/Artificial 
Intelligence/Computer Science include: 
1) Data integration, also called data 
fusion, 2) Generalization and 
transportability assessments, 3) Causality 
analysis, 4) Combining observable data 
with experimental design such as done in 
Reinforcement Learning, 5) 
Compositional data analysis such as time 
use epidemiology and 6) Multivariate 
time series forecasting and multivariate 
process monitoring.

5. What are the tools and systems we 
need to deploy modern statistics and 
analytics? Analytic platforms such as 
Python, R, MINITAB, JMP are now an 
integral part of Applied Statistics and 
Data Science deliverables

6. Where and how should we publish in 
this area? Traditional journals such as 
JASA, Technometrics, JQT, QE, QREI and 
ASMBI are obvious candidates. There are 
now several new journals such as the 
Journal on Business Analytics. INFORMS 
is starting the INFORMS Journal on Data 
Science.

7. How do we initiate synergistic 
collaborations with other disciplines? 
The short answer is: by direct 
communication.



8. What is the role of professional organizations in this transformation, e.g. 
ISI, RSS, ASA, ENBIS, INFORMS and ISBIS? Professional organizations have a 
unique responsibility to foster discussion and provide an opportunity for 
contrarian views to be expressed. The attempts by some organizations to 
champion policy statements and recommendations such as what to do or 
what not to do seem problematic and are probably better avoided.

9. How should life long learning be implemented to update the skills of 
working statisticians? Adult education is posing a different challenge from 
the one faced in regular academia. In that context, simulation-based 
education and on-line training material are possible options. The goal is to 
show added value in an accessible format. Lifelong learners should be able to 
plan their educational effort and make it relevant to specific needs. In 
addition, their learning efforts should be made interesting and motivating.

10. Should existing publications change their scope and review 
processes? Publications should address the gap between academic research 
and application needs. With this perspective, realistic problems need to be 
presented as a justification for theoretical developments. This is different 
from using an example as demonstrator of theoretical results. In the review 
process, reviewers with domain specific experience should provide feedback 
on the submitted publication.
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Thank you for your attention
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