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The publication at hand confronts this problem by proposing an open-source online tool called PaperValidator2 , which
allows the automated validation of statistics in publications.
Such a tool could encourage authors and reviewers to comply
more strictly with important statistical rules by automatically
validating them. The focus of the PaperValidator is mainly on
the correct usage of statistical methods through verification
if the author has checked the assumptions before applying a
particular method. We decided to focus on that aspect of statistics because it is testable, influential, and a common source of
error [8, 3].

ABSTRACT

The validity of statistics in scientific publications is crucial
for accurate and reliable results. However, there are many
publications, that are not acceptable in this regard. This work
confronts this problem by proposing a tool that allows for
the automated validation of statistics in publications, focusing mainly on statistical methods and their assumptions. The
validation process is rule-based using partially crowd-sourced
workers hired from the Amazon Mechanical Turk (MTurk)
platform. The tool and the validation process, were successfully tested on 100 papers from the ACM Conference on Human Factors in Computing Systems (CHI) and further applied
to examine the usage of statistics over the years in CHI papers.

The functionality of PaperValidator has been tested on 100
papers taken from different CHI conferences, and we could
show that the verification process works with sufficiently high
accuracy to justify its application for further analysis on the
usage of statistics in CHI over the past years. This analysis
showed that the usage and reporting of statistics have been
improved, but they are, nevertheless, still at an insufficient
level.
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INTRODUCTION

RELATED WORK

The quality of statistics is questioned by several studies in various research fields. Altman [1], for example, summarized 13
studies from 1966 to 1996 about statistical quality in medical
papers, with the conclusion that the statistics in one out of
three papers contains flaws. Another example is the work of
Veldkamp et al. [17], who examined the statistics in 697 articles published in six renowned psychology journals with the
result that 20% of the papers contain severe statistical errors.

Statistics are a crucial part of research, for this reason many
publications from various academic fields are concerned with
this topic. Most of the papers that we looked at either had
statistical reviews of other authors and/or provided statistical
guidelines to improve statistical reporting quality. Altman [1],
for example, contains a meta-review of 13 papers reviewing a
total of 1667 conference papers altogether; Kaptein et al. [9]
reviewed the submitted papers presented at CHI 2010 and
provided some best practice recommendations. The guideline
papers often come directly from the journals; e.g. the guideline
from the American Physiological Society [4] or from statistics
institutes such as the one from Oxford Centre for Statistics in
Medicine [10].

To get some insight into the present situation concerning statistics and publishing, we asked twelve publishers1 of big journals how they validated statistics. The answers were similar:
The journals mainly rely on peer-reviewing, and most of them
have introduced a catalogue of statistical guidelines, which are
supposed to be implemented by the authors and checked by
the reviewers. Such a process can be insufficient, considering
that there are numerous human biases in the interpretation
of research results; e.g. the bias towards statistically significant results [13, 6]. Besides, as we learned from reading
the journals’ guidelines and asking statisticians from different
research areas, there are widely varying opinions about how
statistics should be reported.

Statsplorer

The reviews and guidelines certainly have a positive influence
on how statistics are performed by pointing out errors and
guiding authors through the analysis of data. However, the
problem of bad statistics is not yet solved. An approach that
takes the concept of statistical guidelines one step further is
the work of Wacharamanotham et al. [18]. He provides a
tool called Statsplorer, which guides an author step-by-step
through the data analysis and hence ensures that all crucial

1 Nature, PLOS, AAAS, BMJ, The Royal Society, NAS, BioMed
Central, JCI, Rockefeller, Hindawi, Feinstein and The Lancet

2 https://github.com/manuelroesch/PaperValidator
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steps are performed. Statsplorer thereby automatically generates some text snippets, which contain all the necessary
information that should be reported in a publication. Although
the usefulness of such a tool is clear, the limited functionality is probably insufficient for certain applications, and the
strict guidance through the data analysis process may bias or
constrain authors. Better in this regard is the Statcheck tool
from Nuijten et al. [15], which works directly on the finished
publications, as our PaperValidator, keeping all options open.

PPLib

(1)

PDF/ZIP

(2),(3),(4)

Statcheck

The tool Statcheck is not a standalone application like our PaperValidator or the Statsplorer [18] presented in the previous
section, but it is an extension to the R programming language3
and does not have a graphical user interface.

Figure 1. An overview of the most important parts and functionalities of
the PaperValidator tool.

The idea underlying Statcheck is the automatic validation of
common statistical tests, such as f-tests, t-tests, Z-tests or chisquare tests. The tool realizes this in two steps. First, all
the reported tests are extracted using text search with regular
expressions. Second, the extracted tests are recalculated and
validated for whether the stated p-values are in compliance
with the recalculated p-values. It is thereby important that the
tests are reported using the American Psychological Association (APA) reporting standard4 , because otherwise, the tool is
not able to extract the test. [15]

quantile plot. Others are numerical; e.g. the Levene’s test
that checks whether the variances are distributed equally (homoscedasticity) [8]. The mapping of which assumptions belong to which statistical method, as well as how the assumptions of a particular method can be checked, is stated in many
statistics books, such as the one from Field [7], who provides
a step-by-step guide for most statistical methods and how they
can be performed using the statistic software SPSS5 , including
which assumptions must be checked and how.

Nuijten et al. [15] used the Statcheck package to determine
the prevalence of statistical reporting errors in psychology
from 1985 to 2013, and could determine that one in eight
papers contains p-values that are inconsistent and may affect
statistical conclusions.

Although the necessity of checking assumptions exists and
guidance on how to check them can be found commonly in
literature, authors frequently neglect to check them. In the
following section, the tool PaperValidator, our approach to
face this problem, is presented.

Our approach is similar, at least for the first part: We also
worked directly on the publications, extracting parts from the
text using regular expressions. However, our focus was not
on p-value recalculation, but on statistical methods and their
assumptions, because we think that the Statcheck tool only
encourages authors to copy their calculations more carefully
from their statistics program to their reports so that the recalculation is correct. Meanwhile, our PaperValidator can improve
the quality of statistics by motivating authors to check and
report all required assumptions of the methods used.

APPROACH

The following section consists of two parts. In the first subsection, the PaperValidator tool and its functionality are presented, followed by some details on how a central part of the
tool, the method-assumption template, was determined.
PaperValidator

The PaperValidator consists of different parts, that are based
on different frameworks and libraries. Figure 1 presents an
overview of this system and in the following; each part is
described in more detail.

Statistical Methods and Assumptions

The work of Hoenkstra et al. [8] shows that assumptions are
rarely reported, and there is an issue not only of a lack of
reporting but also a lack of statistical knowledge, as have discovered during interview sessions with the participants of their
study. This leads to severe validity problems in statistics, since
many statistical methods require one or more assumptions to
be met in order to produce correct and reliable results. Having
unchecked or violated assumptions for a statistical method can
seriously influence Type I and Type II errors, and it causes
the problem of over- or underestimation of the inferential
measures and effect sizes. [8]

Technical Details

The PaperValidator system builds on the Play! Framework6 ,
which is a web framework facilitating the creation of web
applications. The system is mainly written in Scala7 and partially in Java8 . As storage, we use a MySQL9 database, which
runs with our web application on a server at the University
of Zurich with an Intel(R) Xeon(R) CPU X5570 @ 2.93GHz
and 80 GB RAM. The PDF processing relies on Apache PDFBox10 , an open-source Java tool, which allows the extraction
5 http://www.spss.com
6 https://www.playframework.com/

For every assumption, there are several tests. Some of them
are graphical; e.g. checking normality by making a normal

7

http://www.scala-lang.org/

8 http://java.com

3 https://www.r-project.org/

9 https://www.mysql.com/

4 http://www.apastyle.org/

10 https://pdfbox.apache.org/
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Figure 3. Exemplary snippet of a method-assumption pair as generated
by the PaperValidator.
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Figure 2. The different steps of the PaperValidator’s method-assumption
analysis.

Part (1), as summarized in Figure 2, is the most central and relevant part in this work. For this method-assumption part, the
text is first extracted from the uploaded PDF and further processed using regular expressions search for a predetermined
set of methods, assumptions, and their synonyms. After having determined all the methods and assumptions in the text, a
matching algorithm determines, which methods and assumptions fit together by using a predefined list containing the
method-assumption allocation.

of content from PDF documents or the conversion of a PDF
document into an image.
For the crowd-sourcing component, which is used during the
statistics validation process, the system makes use of the
PPLib [2], a library, that facilitates the creation of crowdsourcing tasks. This library was used to send validation
tasks to Amazon Mechanical Turk11 (Mturk), a popular crowdsourcing platform.

The next step is the creation of method-assumption snippets,
which are later sent to Mturk for validation. The creation of
such snippets is necessary because the copyrights of the papers
often prohibit papers be distributed as a whole. The creation
of a snippet works as follows: First, a method-assumption pair,
which has been extracted previously, is annotated in a copy of
the uploaded PDF file. The method is annotated in yellow, the
assumption in green. In the next step, the PDF file is converted
to a PNG image and cropped so that both the method and
assumption are visible. In case they are on different pages,
the pages are put together into one image, and the page break
is indicated by a page break symbol. An example of such a
snippet is shown in Figure 3.

Functionality Overview

The target users of PaperValidator are authors, reviewers, as
well as conference chairs. For each of these users, the tool
provides a different functionality. In addition, there are also the
Mturk crowd workers who access the tool. All these different
users are presented in Figure 1, where authors/reviewers are
on the left, Mturk workers are on the right, and conference
chairs are at the top.
Functionality for Authors

The last step in part (1) of the analysis is the validation of the
snippet using crowd-sourcing. For this, a question is generated
on Mturk, as shown in Figure 4. The Mturk worker (Mturker)
then decides whether the method-assumption pair is related,
and if the author has checked the assumption before applying
the method. Thereby, we do not only ask one Mturker, but several of them with the stopping rule that the final answer must
win with at least three more votes than the second most voted
answer. To increase the reliability of the answers, we also introduced two further measures. First, we let the Mturker report
their thoughts during the decision-making process and write
them down. This should encourage them to think more deeply
and elaborately. Second, we let them report their confidence
from one to seven on a slider (see Figure 4 at the bottom) and
eliminate all answers with a confidence lower than five from
further analysis. The threshold of five was determined empirically by a couple of initial test runs and is also confirmed
by the work of Lessel et al. [12], who also uses a seven-point
confidence scale with a threshold of 5.

As can be seen in Figure 1 on the left, an author starts the
process by uploading his publication to PaperValidator using
the provided upload form. In doing so, he has to select the conference to which he wants to upload the paper. The conference
was previously created by a conference chair (Figure 1 at the
top), which will be explained later. It is worth mentioning that
the system supports the upload of a single PDF file as well as
the upload of multiple PDF documents compressed in a ZIP
file.
After the upload, the system analyses the paper using validation algorithms partially based on crowd workers. The
PaperValidator performs an analysis consisting of four different parts: (1) There is the method-assumption part, which
validates methods and assumptions; (2) the Statchecker
part, which implements the functionality as provided by the
Statchecker tool [15] as presented in the Related Work section;
(3) a part that validates some basic statistical rules; and (4) a
part that performs some basic layout inspection. The parts are
marked with brackets and numbers in Figure 1.

Part (2) of the analysis, the Statchecker part, first converts
the PDF to text and performs a validation equivalent to the
functionality of the Statchecker R package presented in the

11 https://www.mturk.com
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Figure 5. The interface of a paper overview page in PaperValidator containing the analysis results, logging information and annotation options.

• Are there any colors used in the paper, which are difficult
to read when printed in gray scale?

Figure 4. The interface as seen by a crowd worker on Mturk when solving a method-assumption classification task generated by the PaperValidator.

Notice that the analysis in part (4) is not directly related to
statistics but indirectly; e.g. diagrams presented in unreadable
colors makes it challenging for a reader to follow the reported
explanations. Besides, part (4) is also a proof of concept, that
the PaperValidator can be easily extended so that not only the
contents but also the layout can be checked.

relation work section. This means that PaperValidator extracts
common statistical tests like f-tests, t-tests, Z-tests or chisquare tests reported in the APA format using text search with
regular expression from the converted text. All the extracted
tests are, in the next step, recalculated and compared with the
reported p-values. If such p-values are not in compliance with
the recalculated p-values, they are saved as an error in the
database.

Having finished the paper analysis parts (1)-(4), the author,
who has uploaded the PDF, will be notified by an email containing a hyperlink to the paper analysis result overview page
as shown in Figure 5. For each of the four analysis parts, the
results are listed and depending on the result, a warning or an
error is generated.

Part (3) deals with basic statistical rules as reported in [16].
Here, the first step is once again the conversion of the PDF
into text. Next, PaperValidator performs a text search using
regular expressions to answer the following questions:

Furthermore, the analysis results overview page also includes
a spell checker, which can be used besides spell checking, to
verify the conversion process from PDF to text. If there are
exceptional spelling mistakes listed, which are not present
in the initial PDF file, there was an error in the conversion
process and the analysis results are therefore not reliable.

• Is the sample size stated in the text?
• Is there any incorrect statistical terminology in the text?
• Does the PDF contain any p-values? Are they in the correct
range and precision?

Another source of information when an error happens during
the PDF processing is the processing log, which also can be
found on the result overview page. This log shows all the
important events and reports all errors thrown by the tool.
There is also a summary of all method-assumption snippets
and their corresponding Mturk answers.

• Is there a mean without variance reported in the text?
• Has the author performed a statistical test without stating
effect size or power of the test?

The result overview page also allows the download of the
analyzed PDF in two versions; one is the blank version, which
is equal to the one which was uploaded to the system, and
the other is an annotated version in which all the findings
are highlighted. The most dominant highlighting, thereby, is
applied to methods with missing assumption.

In part (4), a simple layout analysis is performed. For that,
the PDF is converted into a PNG image, which is analyzed by
PaperValidator considering the following questions:
• Does the paper have a certain distance between content and
border so that it can be printed properly?
5

Figure 7. PaperValidator’s conference setting interface where a conference chair can flag the assumption checking for certain methods according to their needs.

The three method-assumption validation settings pages, which
are at the top of the conference overview page, have the following meanings. The first relates to the interface for inserting
and editing methods, assumptions and their synonyms; the
second is for linking methods with their associated assumptions, and the last is for flagging the linked method and assumptions as shown in Figure 7. With this flagging option,
a conference chair can assign an importance to each of the
method-assumption linking. So for example, if a chair flags
ANOVA and its assumption of a normal distribution as required, every paper will show an error when ANOVA is used
without checking for a normal distribution first. The flagging
also directly influences the highlighting color on the paper
overview page.

Figure 6. The interface of the conference overview page in PaperValidator showing a conference where three papers have been uploaded so far.

Functionality for a Conference Chair

The main functionality for a conference chair is related to the
creation and administration of a conference. PaperValidator
provides for this purpose several interfaces such as a conference creation form, conference settings pages as well as a
conference overview page. In the following paragraphs, each
of these interfaces is explained in more detail.
First, the conference creation form, allows the chair to create
a conference by choosing a name for the conference and selecting a method-assumption template, which later builds the
base for the method-assumption validation process. It is worth
mentioning that this template is only the base and it is freely
adaptable later. Having created the conference, the creator gets
an email with a hyperlink to the conference overview page.

Feedback from Statisticians

To ensure that the functionality of our tool is accessible to its
target users and has their acceptance, we performed interviews
with six statistics professors from the University of Zurich.
The semi-structured interviews brought about some valuable
input for enhancing the interface and functionality, especially
in the analysis part, as well as some ideas for future work.

This conference overview page, as shown in Figure 6, consists
of three parts. On the top, there are three buttons relating to different conference settings concerning the method-assumption
validation. The next part, in the middle, lists all the papers,
which have been uploaded to the conference so far. Besides the
processing status of the uploaded papers, the list also shows
how many warnings and errors have been found for each paper.
Moreover, by clicking on a paper, a conference chair can get
to the paper results overview page and use all its functionality,
as has already been presented in the Functionality for Authors
Section. The bottom of the conference overview page provides
some statistics about all the uploaded papers and the findings
of its validation process.

The most interesting insight from these interviews was the fact
that even though the professors have a similar broad knowledge of statistics, they do not have a consensus on how statistics should be reported, and therefore, they also estimated the
usefulness of PaperValidator differently. While some of them
think the PaperValidator is exactly what the research community needs, others believe that the tool is too rigid and authors
will never report the statistics in as much detail as demanded.
One interviewee brought up a possible reason why there is
such a difference in opinions. He sees a problem in different
research cultures and in different fields. In medical science,
for example, the statistical results are reported in more detail
6

Variance-covariance

Multicollinearity

Linearity

Homoscedacity

Normality

The CHI papers had been chosen for the evaluation because
CHI is multidisciplinary and this may lead to a variety of
statistics reporting styles. Such a variety is ideal for a reliable
evaluation, which is meaningful for different research fields.
The CHI papers have been extracted from the dblp computer
science bibliography12 using iMacros13 . There were, in total,
5132 papers extracted from the conferences from 1989 to
2016.

t-test
x x
ANOVA
x x
MANOVA x
x x x x
ANCOVA
x x
Linear
x x x
regression
Table 1. The method-assumption mapping as used in the methodassumption analysis of PaperValidator.

Experimental Setup

For the evaluation, a stratified sample of 100 papers out of
the 5132 CHI papers was processed by the PaperValidator,
using the method-assumption mapping as shown in Table 1
and the result of the analysis was compared with the ground
truth, which we generated manually by annotating the PDFs
and extracting the methods and method-assumption pairs. In
the following, sampling, ground truth generation and the measurements are explained in more detail.

because the validity of the results is much more important,
considering that they can affect human life.
Method and Assumption Mapping

The analysis of statistical methods and assumption is the central part of PaperValidator. Because this part relies on an
initial set of statistical methods, assumption and their correct
mapping, we wanted to ensure that we had an elaborated set,
which is widely accepted by statisticians.

Sampling

The required sample size was calculated using a standard formula for population proportion estimation [19] aiming at the
target statistical power of 90 %. The outcome of this calculation revealed that a sample size of 100 papers is sufficient for
our requirements.

In order to create such a set, we asked a statistician from the
University of Zurich to create an initial set of all possible
methods (and synonyms) and their associated assumptions
(and synonyms). This set was then reviewed by another statistician, and the resulting set was presented in an interview
session to six statistics professors of the University of Zurich.
Here again, there was no consensus, but we tried to create
a mapping which optimally satisfies all the concerns of the
different scholars. The interview sessions also brought up
some ideas for assumption synonyms, which were also added
to the mapping.

Having determined the required sample size, we had to select
100 papers from the total 5132 CHI papers using a stratified
sampling technique. We decided to use a stratified sample
instead of a random sample to ensure that the papers in the
sample contained statistics. This was important considering
that around 30% of all CHI papers do not use statistics according to our glossary method, which is explained later. We
decided to use only papers with at least one occurrence of
a p-value in our sample because all statistical methods (see
Table 1) implemented in PaperValidator report p-values.

The resulting set was, in the next step, compared to the occurrences of statistical methods in CHI conferences from 1989 to
2016. For that we downloaded all the conference papers and
searched for methods using regular expressions. The methods
used as search terms come from a method glossary provided
by Leeper [11]. The results from this analysis show that our
set covers three of the top five most occurring methods over
the years and the other two from the top five do not have any
testable assumption to our best knowledge. The final set resulting from this analysis was again double-checked using [7]
and [14] before it was finally implemented as a template in
PaperValidator. The final mapping (without synonyms) is
shown in Table 1.

Furthermore, we introduced two sampling categories: papers
which contain many statistical terms and papers using few
statistical terms, similar to what was done in the work of
Dugan et al. [5]. Such a categorization was required because
of reporting differences between papers. Many authors use
in their papers only a few statistical terms to describe their
statistics, while a few use them excessively which leads to a
long-tail distribution of method-assumption pairs per paper.
A random sampling would lead to a bias, since most of the
paper would be selected from the long tail; therefore, in order
to account for that, we introduced these two categories.
For the assignment of a particular paper to one of these two
categories we used the glossary method, what means that a
glossary with statistical terms was created and used to count
the number of statistical terms contained in each paper. We created the glossary combining the statistics glossary from five

EVALUTATION

With PaperValidator, we have built a system which is able
to extract automatically certain aspects of statistics and analyze them. To prove the validity of this analysis process,
we performed a test run using CHI papers. The focus of this
validation was on the method-assumption validation part of
the system, which is crowd-sourcing based.

12 http://dblp.uni-trier.de/db/conf/chi/
13 http://imacros.net/
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different sources14,15,16,17,18 and removed common words
from the English language19 . This glossary method was applied to previously selected papers containing at least one
p-value, and the papers were ranked according to the total
number of statistical terms from our glossary that were found
in the paper. The higher ranks thereby belong to the first category and the lower ranks to the second and therefore our final
selection was the first and the last 50 papers in the ranking so
that we had sampled, equally from each of the two categories,
enough papers to reach our target sample size of 100 papers.

Paper ID

Method

M-ID

Assumption

A-ID

GT

PV

7
ANOVA 4:4236 Normality
4:4278 1
1
7
ANOVA 6:6742 Normality
5:7623 0
1
8
t-test
3:4823 Homoscedasticity 3:3457 1
0
9
ANOVA 2:8642 Normality
5:4263 0
0
...
...
...
...
...
...
...
Table 2. Example of the data format as used for the comparison between
ground truth and PaperValidator results.

of the papers up to three times by different people from the
PaperValidator project so that we could conduct an inter-rater
agreement analysis. In this analysis, we compared the different paper review outcomes to each other with the conclusion
that the agreement between the reviewers is sufficiently high
(Cohen’s Kappa > 0.8). This means that our ground truth is
accepted by multiple researchers in the field of statistics and
computer science and is therefore reliable.

Generation of the Ground Truth

For the evaluation of the PaperValidator’s statistical analysis,
a ground truth was required representing the analysis results
as performed by experts. This ground truth was necessary for
a comparison between the PaperValidator results and expert
results. For the generation of this ground truth, we had two
approaches. The first was the usage of a freelance expert
portal, but it delivered insufficient results. Therefore, a second
approach was used, based on manual reviewing, verified by an
inter-rater agreement analysis. More about the two approaches
can be found later in this section.

Measurements

The processing of 100 sampled papers through PaperValidator
using Mturk happened in different sessions conducted during
business hours of working days, Eastern Time (EST). For the
experiment, only US workers with more than 4000 solved and
approved tasks and less than 4% rejected tasks were hired. The
tasks were randomized and could only be answered once per
crowd worker. The reward for each task was 40 cents, which
resulted in a total cost of 214$ for the analysis of 100 papers.
The task, as posted to the crowd workers on Mturk, is shown
in Figure 4.

The creation of the ground truth was realized in both approaches using two steps. First, all statistical methods and
assumption occurring in a particular paper were highlighted
directly in a modified version of the original PDF. This modification includes the underlining of all statistical terms (as they
occurred in the glossary from the sampling) and the assignment and annotation of a unique ID, as used by the PaperValidator system, to each of the underlined terms. The second
step was the extraction of all methods and method-assumption
pairs to an external text file, extracting in each case the method
name plus method ID and the assumption name and assumption ID. These created text files could then be used directly for
comparison with the PaperValidator results.

The data produced by the PaperValidator had the same format
as the text files of the ground truth containing method name
and ID, as well as assumption name and ID of each detected
pair. The IDs used for methods, as well as for assumptions
were unique using a combination of the page number and its
relative text position on the page, representing the position of
a particular word. In Table 2, there are examples of such IDs;
in the row where ANOVA has the ID 4:4236, which means
that it can be found on page 4 at text position 4236.

Crowd Expert Approach

For our first approach we wanted to hire experts on the freelance portal Upwork20 and therefore we created a movie,
which introduced our project and explained the task, including
the PDF highlighting and method-assumption extraction as
explained above. We hired three freelance experts in statistics
with a high job success rate, top rating and a comprehensive
job history, paying 2.5$ per paper page. The results from these
three experts were not sufficient and differed strongly from the
expected results generated by us. For that reason, we decided
to use a manual reviewing approach.

The consistent use of these IDs in the PaperValidator data,
as well as in the ground truth data, made it possible to automatically combine the data sets using the unique IDs of
methods and assumptions, which results in the data set as
shown in 2. The column GT represents the ground truth
data and column PV, the PaperValidator data using 1 for a
valid method-assumption pair (the author has checked the assumption before applying the method) and 0 for an invalid
method-assumption pair (the assumption does not belong to
the method or the author did not check the assumption before
applying the method). Besides this table, another one was
generated, similar to the Table 2, containing only the detected
methods without assumptions.

Manual Reviewing Approach

In the manual reviewing approach, we performed the task of
extracting statistics from papers ourselves. To ensure the validity and unbiasedness of this approach, we processed some
14

http://www.stat.berkeley.edu/ stark/SticiGui/Text/gloss.htm
https://www.st-andrews.ac.uk/psychology/current/statisticsglossary/
16 http://www.stats.gla.ac.uk/steps/glossary/alphabet.html
17 http://isi.cbs.nl/glossary/bloken00.htm
18 https://en.wikipedia.org/wiki/Glossary_of_probability_and_statistics
19 http://www.wordfrequency.info/free.asp
20 https://www.upwork.com/
15

RESULTS

The 100 CHI papers of the stratified sample lead to 197 data
entries of possible method-assumption pairs in the format as
shown in Table 2. Besides, we were also able to generate a
table with 303 entries of extracted methods. These two tables
8

PaperValidator

ground truth

positively
classified

negatively
classified

positively
classified

257

4

negatively
classified

42

0

and an accuracy of 84.6% under the agreeable F1 score of 0.83,
demonstrates a high reliability of the PaperValidator system.
84.9% of the method-assumption pairs, which were classified
by the crowd worker as valid pair (the author has checked the
assumption before applying the method), were actually valid
and 81.1% of the total 90 correct method-assumption pairs (as
revealed by the ground-truth) could be correctly detected.
Besides the comparison of our system to the ground truth, it
was also compared to two baseline algorithms called PV-Auto1
and PV-Auto2. The first one does not use any heuristics at all,
considering every extracted method-assumption pair from the
text as valid. The second algorithm uses the heuristic that the
assumption checking is usually reported closely to where the
method is reported and therefore, all pairs occurring on the
same page are considered as valid.

Table 3. Confusion matrix showing the PaperValidator’s method extraction results.

PaperValidator

ground truth

positively
classified

negatively
classified

positively
classified

73

17

negatively
classified

13

93

The analysis of PV-Auto1 resulted in a recall of 100%, which
means that all the valid method-assumption pair could be detected by the system. However, with a precision of 46.4%
PV-Auto1 was not appropriate for a comparison of a crowd
based system to a fully algorithmic system. For such a comparison, we used PV-Auto2 using a basic heuristic.

Table 4. Confusion matrix showing the PaperValidator’s results on identifying correct method-assumption pairs using crowd workers.

With PV-Auto2 we reached a precision of 66.7%, a recall of
73.4% and an accuracy of 70.9% under an F1 score of 0.7.
It can be seen that all the measures are considerably lower
than the measures when using crowd workers. Precision falls
by 18.2%, recall by 7.8% and accuracy by 13.8%, which
clearly reveals the need and usefulness of crowd workers to
our system.

were used to answer two important questions concerning the
method-assumption analysis of the PaperValidator tool:
1. How does the PaperValidator perform in extracting statistical methods from a text?
2. How is the PaperValidator’s performance on extracting
statistical assumptions, mapping them to the extracted methods and identifying correct method-assumption pairs using
crowd workers on Mturk?

To conclude the results, we would like to add two critical
remarks concerning the data and data analysis. First, we had
to exclude two papers from the analysis with an exceptionally
high error rate. These papers are a special case because both
do not apply the stated statistical method but discuss them on
a meta-level. Our system does not account for that but could
be extended in future work to cover this case by including a
corresponding question in the crowd worker task.

The tool was assessed comparing the ground truth data with
the PaperValidator data (In Table 2 column GT and PV) using
four performance measures for binary classifiers:
1. Precision: The fraction of correctly positively classified
elements out of all positively classified elements.

Second, it was also noted that, despite stratified sampling,
we faced a long-tail distribution of method-assumption pairs
with only 12 of 100 papers reporting any assumptions. This
circumstance indicates that the assumption checking in CHI
is uncommon. In the Discussion section, this claim is further
examined and assessed.

2. Recall: The fraction of correctly positively classified elements out of all elements that should be positively classified.
3. Accuracy: The fraction of correctly classified elements out
of all elements.
4. F1 score: Measure of a test’s accuracy calculating the harmonic mean of precision and recall.

DISCUSSION

The results of the method extraction are shown as confusion
matrix in Table 3, leading to a precision of 85.9%. A recall of
98.4%, as well as an accuracy of 84.8%, with a relatively high
F1 score of 0.91. The high recall value shows that the system
is able to extract correctly almost all the occurring statistical methods in the text, which was expected since statistical
methods are usually reported using a fixed terminology and
their extraction using a text search and regular expression is
straightforward.

The results of the 100 processed CHI papers revealed that the
validation process of PaperValidator works reliably despite
the non-expert human component. Moreover, the analysis indicated that the assumption checking is rather sparse considering
most of these 100 papers do not have assumption checks for
the methods used. This raises the question about the validity
of the statistical results in several papers because it can only
be assumed the author has performed the necessary assumption checks. To gain a further indication into this problem,
we analyzed the use of methods and assumption in CHI from
1989 to 2016.

Table 4 shows the confusion matrix of the method-assumption
classification. With a precision of 84.9%, a recall of 81.1%
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Figure 9. The development of the share of checked method-assumptions
pairs over the years in CHI.

Figure 8. Development of the usage of statistical methods in CHI from
1989 to 2016.

not enough papers available. This leads to a reduced power of
the analysis during those years. Furthermore, we added data
points at 0% for years without any method-assumption pairs.

Methods and Assumptions in CHI over the years

In a first step, we analyzed the occurrence of statistical methods in all the downloaded CHI papers using the method glossary of Leeper [11]. The result demonstrates that the portion of
papers containing statistical methods has roughly tripled over
the last two decades. However, method term occurrence alone
is a weak indication that statistical reporting has improved
over the years and therefore we performed a deeper analysis
using the PaperValidator tool.

It can be seen in Figure 9 that there appears to be a slight
improvement over time starting from 1999, which is the first
year where we reached a sample size of 30 papers. Both, the
share of checked method-assumptions pairs over all possible
pairs, as well as the normalized share of method-assumption
pairs (the same influence for every paper by normalizing the
number of method-assumption pair occurrences) have an upwards tendency. However, this tendency is far from steady,
which is probably due to our reduced sample size and the
limited number of papers per conference every year. To indicate the possible steadiness in a bigger sample, the share of
papers, which contain both statistical methods and assumption
terms (necessary to build a valid method-assumption pair),
was added as grey bars to the chart in Figure 9. It should
also be noted that this analysis was performed using all 5132
papers but the results are not reliable because the bars indicate
only the possibility of a valid pair. Even though this approach
is not reliable, it indicates a relatively stable growth in the last
decade and, therefore, for future work, this phenomenon will
be analyzed on a bigger scale.

For this analysis, we considered only two methods; ANOVA
and t-test since, as we can clearly see in Figure 8 which shows
the shares of the top five statistical methods of CHI, they are
dominant in almost every year and, therefore, most suitable to
sample from. So in a first step we randomly sampled papers
(containing either ANOVA or t-test) from different years starting with 1989, and using a five-year interval with a sample
size of 30 papers for each year. This sampling and interval
was necessary to save costs.
Next, the sampled papers were processed by the PaperValidator, similar as we did with the 100 CHI papers from the
previous analysis, so that we had two data sets at the end
containing all extracted methods and all the processed methodassumption pairs. These two data sets could then be used
to examine the development of method-assumption reporting
over the years. The result of this analysis is shown in Figure 9.
It should be noted that for the years 1989,1994 and 1999, the
number of papers sampled is less than 30 because there were

Despite this growth, there are still many unchecked assumptions and a big potential for improvement of statistical reporting in CHI. And not only the unchecked assumptions are a
problem; the Statcheck part of the PaperValidator revealed
that 8.7% of the 5132 CHI papers contain errors and the other
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analysis parts brought up more flaws, like the lack of effect
size respectively statistical power reporting in 15.3% of the
papers, or the absence or vagueness of sample size reporting
in 3.2% of the papers.
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