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Abstract Statistics plays a crucial role in research, planning and decision-making
in the health sciences. Progress in technologies and continued research in compu-
tational statistics has enabled us to implement sophisticated mathematical models
within software that are handled by non-statistician researchers. As a result, over the
last decades, medical journals have published a host of papers that use some novel
statistical method. The aim of this paper is to present a review on how the statisti-
cal methods are being applied in the construction of scientific knowledge in health
sciences, as well as, to propose some improvement actions. From the early twentieth
century, there has been a remarkable surge in scientific evidence alerting on the errors
that many non-statistician researchers were making in applying statistical methods.
Today, several studies continue showing that a large percentage of articles published in
high-impact factor journals contain errors in data analysis or interpretation of results,
with the ensuing repercussions on the validity and efficiency of the research conducted.
Scientific community should reflect on the causes that have led to this situation, the
consequences to the advancement of scientific knowledge and the solutions to this
problem.
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1 Background

Statistics is a branch of mathematics that studies random events. Opposite to factual
sciences, where the knowledge is based on observation and experimentation, Statis-
tics is a formal science that studies abstract structures and obtains new knowledge
through logic reasoning [51]. This formal science is under continuous development,
and provides a knowledge which is essential in factual sciences for decision-making in
uncertain settings. In particular, Statistics plays a crucial role in research, planning and
decision-making in health sciences, by providing essential information about the ran-
dom structure of health phenomena [42,69]. Progress in technologies and continued
research in computational statistics has enabled us to implement sophisticated math-
ematical models within software that are easily handled by non-specialists [12]. Such
accessibility has undoubtedly made a major contribution towards the dissemination
and transfer of mathematical know-how to other disciplines and, in particular, towards
practical applications within health research. As a result, over the last decades biomed-
ical journals have published a host of papers that use some novel statistical method
or other. However, the application of statistical techniques and the interpretation of
results are often inappropriate. The aim of this paper is to present a review on how the
statistical methods are being applied in health research, as well as, to propose some
improvement actions.

2 The Beginnings of a Scandal

The foundations of statistical inference and modern statistics, as we know it today,
were laid down in the early twentieth century by great contemporary mathematicians.
Almost immediately, these statistical methods were built into health research and just
a few years later the mathematicians themselves who had developed these techniques
began to issue warnings about errors in their application [23].

During the second half of the twentieth century, there was a remarkable surge in
scientific evidence alerting to the errors thatmany researchersweremaking in applying
basic statistical methods [21,36,46,61,67]. Indeed, this issue became so serious that
Douglas Altman, Director of the Centre for Statistics in Medicine in Oxford, qualified
inappropriate use of statistical techniques in biomedical research as a scandal, in one of
themost striking articles for the scientific community published in the 1990s [2]. Given
that many medical decisions, including disease diagnosis and choice of appropriate
treatment, were based on statistical tests, this situation took on a very serious note.

3 The Eternal Problem

Considering that these first warnings came over 50years ago and that we have now
entered a new century, we might think that there have been major improvements in
the use of statistics and the quality of research in the health sciences. However, this is
far from the truth.

I carried out a bibliographic search in PubMed database to find the papers published
between January 1950 and July 2015 which title and content were related directly to
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Table 1 PubMed query on
statistical errors in health
sciences research (January
1950–July 2015)

Building block Field Search term Boolean logic operator

1 Title Statistical OR

Statistics OR

Design OR

Designs

AND

2 Title Mistake OR

Error OR

Pitfall OR

Misconception OR

Misinterpretation OR

Misunderstanding OR

Misreported OR

Failure OR

Use OR

Abuse OR

Misuse OR

Mistakes OR

Errors OR

Pitfalls OR

Misconceptions OR

Misinterpretations OR

Misunderstandings OR

Failures OR

Uses OR

Abuses OR

Misuses OR

statistical errors in health sciences research. The search was systematised in a PubMed
query (Table 1),which execution gave1451papers.However, after reading the abstract,
only 229 paperswere related to the search’s objective. Then the full read of these papers
confirmed their inclusion in the final Zotero repository for analytical purposes. The
frequency distribution by year of these 229 documents shows that, since 1950, the
annual number of papers reporting statistical errors in health sciences research has
increased progressively (Fig. 1). Half papers were published after 2000, i.e. during the
last 15years of a period composed by 65years (1950–2015).

In addition to this finding, during the first decade of the twenty-first century other
scientific works showed that a large percentage of articles published in high-impact
factor medical journals contained errors in data analysis or interpretation of results,
with the ensuing repercussions on the validity and efficiency of the research conducted
[6,8,19,25,43]. Assessments conducted over the past few years are still showing mis-
use of statistical methods by non-specialised professionals and point to science’s fail-
ure to tackle this malpractise. The authors of these reviews criticise widespreadmisuse
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Fig. 1 Frequency distribution of 229 scientific papers that were recorded in PubMed between January 1950
and July 2015 and their content was related to statistical errors in health sciences research

of statistical methods in health and bring into question the validity of the conclusions
published in some papers of the most prestigious journals of the day [18,44,47,54].
Statisticians are still alerting to this situation which does not appear to be improving
over time and which can be summarised by this quote from Horace F. Judson, from
his book The great betrayal, fraud in Science: “In any taxonomy of fraud, classical or
recent, statistical anomalies are among the most frequent signs of trouble” [33].

Inappropriate use of statistical methods poses a serious problem affecting both the
quality of publications and the advancement of scientific knowledge [63]. Journal edi-
tors are not unaware of this issue. Some editors even acknowledge that many studies
published today have serious methodological flaws that lead to unfounded conclu-
sions [30,38,56]. The scant critical discussion on this kind of study has also meant
that new research hypotheses, health policy implementations and the risks conveyed
to the population are based on spurious conclusions arising from ecological fallacies
and other methodological mistakes [40]. Often, the proliferation of this practise has
led to inefficient decision-making, social alarm and scientific frustration as well as to
political, economic and social deterioration that evidently all have a negative impact
on the advancement of scientific knowledge and the implementation of appropriate
health policies [55].

Table 2 summarises the most frequent statistical errors found in the published
papers. These errors are related to the planning of the analysis, the analysis of the data
and the interpretation of results, and most of them have been recognised as common
problems by the editors of the medical journals with the highest impact factor in the
Journal Citation Report [22].

4 The Causes of the Problem

4.1 Health Researchers Lacking Appropriate Training in Statistics

All too often, the medical and other health sciences researchers using statistical
methods lack training and understanding in the field of mathematics but have been
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Table 2 Common statistical mistakes in health sciences’ journals

Planning of the analysis Statistical analysis Interpretation of results

Confusing the concepts unit
of analysis, characteristic
of the unit of analysis
(variable) and sample size

Ignoring the sampling design
in the statistical analysis of
survey-based studies, as
well as the weighing of the
observations

Type III error: Provide the
right answer to the wrong
question

Confusing the independent
and dependent variables

Ignoring the clustering of the
data in the statistical
analysis when this structure
is present

Highlight the small P-value
of a dummy variable
belonging to a qualitative
variable that is not
statistically significant as a
whole

Choosing a wrong
experimental design to
contrast the research
hypothesis

Using the incorrect
parametric or
non-parametric statistical
tests to contrast the
hypothesis of interest

Interpreting non statistically
significant results as
evidence of absence rather
than absence of evidence,
especially in studies with
low statistical power

Planning ecological data
analysis to contrast
hypothesis about
individuals

Performing multiple
comparison of groups using
t-Student test

Confusing correlation with
causality

Absence of sampling
framework or insufficient
justification of the sample
size

Using a specific parametric
statistical test or a particular
regression model when the
data do not meet the
essential assumptions

Confusing standard deviation
and standard error

Calculating type II error or
power after the statistical
data analysis rather than
being taken into account to
calculate the sample size
into the sampling design

Using automatic procedures
to select independent
variables in regression
models, such as backward,
forward and stepwise
regression, which
introduces bias into
parameter estimates

Wrong interpretation of
statistical measures, with
special mention to the odds
ratio, the standardised
incidence ratio (SIR) and
the standardised mortality
ratio (SMR)

Selecting a non random
sample

Introducing into a
multivariate regression
model only those
independent variables that
showed statistical
significance in the bivariate
analysis

Interpreting the results of a
non-parametric test as if a
parametric test had been
used

Categorise quantitative
variables without ensuring
equal behaviour within each
category respect to the
dependent variable

Validating the estimated
regression model using the
training set rather than the
test set data

Confusing P-value with Type
I error
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Table 2 continued

Planning of the analysis Statistical analysis Interpretation of results

Lack of planning confusion
and interaction between
independent variables,
based on the theoretical
framework and the
hypothesis of the study

Using single imputation
methods, which can bias the
estimates and understate the
variance

Use of the P-value as
demonstration of
association between
variables

No describing the method
that will be used to carry
out the statistical analysis
of the data

Deleting outliers from the
database

Emphasise statistical
significance and forgetting
practical relevance

Calculating standardised rates
without previous
assessment of specific rates

Reporting results between
groups for grouped data
without mentioning the
results within-groups

P-hacking: Perform multiple
statistical analyses until non
significant results become
significant

Interpreting or discussing
inadequately problems
related to interaction,
confusion, missing data and
outliers

Performing arithmetic and
calculation errors

Ecological fallacy: Inferences
about the health status of
individuals are deduced
from the statistical analysis
of the group to which those
individuals belong

encouraged to use statistics freely by the ease of access to the latest generation IT pro-
grammes. Despite their usefulness in conducting any kind of analysis, these cannot
offer multi-purpose recipes, nor are they able to replace the know-how of a statistician.
Among the most common errors seen in research conducted by non-statisticians, we
find inappropriate models, non-compliance with the rules for application and incorrect
interpretation of the results. As a result, the findings only contribute further to spread-
ing false conclusions. People without qualified training in statistics who read these
articles, in turn, copy a given method for similar research efforts in their own work
centres, assuming that the method is appropriate merely in light of its publication,
which only fosters further methodological errors [4].

4.2 Unqualified Reviewers to Evaluate Statistical Methods in Health Research

It is part of the remit for reviewers of a manuscript to pinpoint such anomalies before
the paper submitted to the scientific journal is published. However, most publishers
do not have a team of statisticians to conduct such an appraisal. For this purpose, the
editor usually calls on two or more researchers who have published papers on topics
similar to that addressed in the manuscript submitted. These researchers tend to be
healthcare specialists but are not statisticians. As a result, the lack of knowledge that
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led them to publish statistical errors in their own research papers will also make them
unable to recognise methodological flaws in colleagues’ work [3,64].

Concerning this subject, the editorial team of the renownedBritishMedical Journal
conducted a curious experiment. They selected 607 professionals who were regular
reviewers for the journal from their database. They all received an article for appraisal
in line with the usual procedure. However, they were unaware that the editorial team
had deliberately included nine serious and five lesser methodological errors. On aver-
age, each of the reviewers detected less than three of the serious errors and only one
slight error, leading the editors to conclude: “Editors should not assume that reviewers
will detect most major errors, particularly those concerned with the context of study”
[50].

4.3 The Seductive Nature of Complex Statistical Methods

The editors of medical journals and reviewers of scientific articles who are not
specialised in statistics are often fascinated by the mathematical language used by
authors, placing greater value on the method used than on the research problem
itself [48]. Today’s researchers in the health sciences are aware that their papers
are more likely to be published if they use complex statistical models in vogue in
healthcare, even though they know these are unnecessary to meet the aim of their
research [9,27]. This fascination for sophisticated mathematical models applied by
unskilled professionals, assessed by non-statistician reviewers and published in jour-
nals outside the field of statistics have all led to the widespread dissemination of
errors and scientific fraud even in the most respected journals. Some of these frauds,
like the Sokal hoax, have been deliberately carried out, and later confessed, by the
authors to bring into question the scientific review process on mathematical issues
[59]. Others have been caught by the editorial team and removed from publication,
even though such efforts do not always lead to the desired result. Recent studies
show that the percentage of articles withdrawn by health sciences journals on the
basis of scientific fraud has multiplied tenfold since 1975. Of all articles withdrawn,
67.4% are due to scientific misconduct (fraud, suspected fraud, duplicate publica-
tions and plagiarism) while 21.3% are due to errors [20]. The journals with the
highest impact factor receive the greatest number of fraudulent articles or papers
with methodological errors. However, the number of papers they manage to with-
draw on the grounds of fraud is well below the real number of fraudulent papers
[20].

5 Social Repercussions of the Problem

Most health research requires statistical methods to reach conclusions. The detection
of risk factors for health, comparisons of treatments or diagnosing disease are, amongst
others, common studies based on statistical data analysis. Inappropriate use of these
techniques not only leads to false conclusions and distorts the advancement of scientific
knowledge but also, as a result, hinders the most suitable decision being taken to
improve people’s health status. Also, unfounded conclusions caused by applying the
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wrong statisticalmethod or incorrect interpretation of the results and then disseminated
in the media also cause unwarranted social alarm and scientific frustration in the
absence of consistent explanations. All this leads to political, scientific, economic and
social erosion which could be avoided [55].

The ethical guidelines for statistics drawn up by the American Statistical Associa-
tion give a clear warning: “The use of statistics in medical diagnoses and biomedical
research may affect whether individuals live or die […] Because society depends
on sound statistical practise, all practitioners of statistics, whatever their training and
occupation, have social obligations to perform their work in a professional, competent,
and ethical manner” [15].

6 Proposal of Solutions

6.1 Basic Training in Statistics for Health Researchers

The skills any given person requires in statistics will depend on the level of knowledge
he/she needs to be able to engage actively in the scientific and social debate. We can
set three sequential levels of knowledge, namely, Literate, User and Specialist.

According to the OECD, a person literate in mathematics is able to identify and
understand the role that mathematics plays in the world, to make well-founded judg-
ments and to use mathematics to meet their own needs as a constructive, committed
and reflective citizen [45]. Anyone literate in statistics will also be able to interpret
and provide critical judgment on basic statistical information displayed in numbers or
graphs [24].

On the second level, the statistics user is a personwho,without formal qualifications
in statistics, occasionally applies themost common statistical techniques for their work
or for research in factual sciences, including health sciences.

Lastly, the specialist in statistics (statistician) has an university degree in statistics,
with a solid grounding in mathematics, or mathematics, with a specialisation in sta-
tistics, has up-to-date in-depth knowledge in his/her field, applies complex statistical
techniques to data analysis and is capable of developing new mathematical models
to resolve theoretical or applied problems. Usually, a senior professional statistician
also possesses a Master’s degree or a PhD in statistics. Some individuals with a degree
in another field have become specialist in statistics and have achieved recognition
from statistical associations in terms of training, experience and contribution to sta-
tistics along their life. However, this is not the rule but the exception among health
practitioners.

It is quite clear that it is essential for researchers in the health sciences to understand
the basis of statistics so they may undertake critical appraisal of papers published by
colleagues, as well as interpret statistical information correctly and perform basic data
analyses appropriately [28]. The skills such users should acquire are included in the
second level, i.e. statistics users.

Such skills and know-how entail not only understanding the right statistical pro-
cedure to apply for the research aims. The health sciences professionals that wish to
do basic statistical analysis also need to understand and learn how to use statisti-

123



212 Stat Biosci (2016) 8:204–219

Fig. 2 The basic pillars of statistical thinking

cal thinking overall, acquiring all-round training in the three basic pillars: Aptitude,
Know-how and Communication (Fig. 2) [58,68].

Aptitude is a dimension of statistical thinking that brings together the essential
features a person devoted to statistical data analysis must have. Amongst these features
are curiosity, imagination, scepticism and logical reasoning.

Know-how refers to the whole statistical process that enables appropriate analy-
sis of the information. This process starts with observing the data, followed by
the choice of the most suitable statistical technique, correct interpretation of the
results and reflection on the conclusions drawn. This process is a closed cycle
that will be complete only when reflection leads to conclusions that are both log-
ical and consistent with the theoretical research framework and prior know-how
acquired.

Finally, communication is the dimension that brings together the skills needed to
be able to convey the results and conclusions reached from the statistical analysis
appropriately. This dimension is the last stage in statistical thinking and can only be
attained once sound aptitude and know-how have been developed.

Managers and politicians responsible for promoting such training must be aware
that it is a lengthy process for a professional in the health sciences to acquire the
know-how, skills and attitudes required to tackle the various aspects of statistical
information analysis successfully and independently. Just as it would be unthinkable
for someone outside the medical profession to perform a heart transplant after a 30-h
training course, it is equally impossible for a health science professional to acquire the
know-how required to perform and correctly interpret basic statistical analyses after
a similar number of hours’ training [31].
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6.2 Professionalising Statistics

6.2.1 Only Statisticians Can Provide Quality Training in Statistics

As can be deduced from the above, a high degree of preparation is required to pass
statistical skills and know-how on to professionals from other fields, even if these
are basics. Only a specialist in statistics with long-standing experience in teaching
is capable of doing so. It is commonly believed that anyone who knows and applies
statistical techniques is capable of teaching Statistics to others. It is not uncommon to
find statistics users (oftenmerely peoplewith numeracy skills) responsible for devising
training schemes and post-graduate teaching programmes on statistics within health
sciences departments, public health schools or biomedical research institutions, with
no qualifications in this field, yet trusting they have the right skills. However, teaching
is not merely a question of showing what you know. The statistics teacher should not
only be a specialist with up-to-date, in-depth understanding of the area of knowledge
he/she is teaching but who understands and can inter-relate the content involved. Also,
it should be someone with the necessary teaching and educational skills to convey
and disseminate such know-how, making it readily understandable for others [17,
53]. Conveying such knowledge is particularly complex in mathematics, in general,
and in statistics, in particular. As a result, it should be graduates in statistics with
a broad knowledge base and widespread teaching experience in training healthcare
professionals who take on this task.

6.2.2 Only Statisticians Can Ensure Quality in Statistical Data Analysis into
Research Teams

Health research teams should be multidisciplinary and statisticians should be incor-
porated into them. As in other areas of knowledge, statistics is a constantly evolving
science that continues to provide newmethods, philosophies and analytical techniques.
As a result, it is essential that qualified statisticians join the research team on a given
research project right from the very beginning. They should be involved in or take
responsibility for study design, setting up the information systems, analysing com-
plex data, supervising basic analyses, interpreting results and drawing conclusions
[5].

All researchers involved in health research are assigned particular tasks. The statis-
tician has certain, specific responsibilities that should be stated and duly acknowledged
in the authorship of scientific reports and papers [37]. Among such responsibilities are:
statistical analysis of the information, supervision of basic data analyses performed
by non-statisticians and signing of all statistical reports generated during the research
effort, ensuring quality throughout the procedures in use and complying with ethical
principles of sound statistical practises [15,34]. Additionally, the statistician should
be fully conversant with the scientific area of application and should participate fully
in all the research process, including the formulation of the scientific question, study
design, data collection, statistical analysis, interpretation and discussion of results and
final conclusions from the research. Statisticians also must be assertive in countering
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bad research. The ethical conduct of their work demands that they speak out forcefully
when they see inappropriate conclusions being drawn [32].

Sequencing the human genome has opened a new research field in biomedical sci-
ence. Genomics, proteomics and other new technologies, referred to as omics, need
bioinformatics, data management, analysis of very large datasets and the use of rigor-
ous statistical methods for research. Complexity of this kind of research suggests that
the misuse of statistics could be increased in the future, so we should call attention to
another important role for the statistician, as director of data management. The need
of statisticians and statistical thinking in omics research was referred in the recent
report of the Institute of Medicine of the National Academies, USA, in response to the
scandal at Duke University regarding premature use of gene expression data to select
particular drug treatments for cancer patients [39].

6.2.3 Only Statisticians Can Assess Quality of Statistical Methods Used in Scientific
Articles

Along the same lines, editorial teams in scientific journals should rely on a stable group
of statisticians with broad experience in applied research to perform a systematic
evaluation of all papers submitted so as to guarantee that all published papers are
accurate from themethodological standpoint. Some journalsmake check lists available
to reviewers to facilitate the evaluation of the statistical methods used in the paper
[3,26]. However, these lists will not yield the desired result if they are being used by
people who are not specialists in this area of knowledge for them to be able to give the
researchers guidance on the best way to correct the errors pinpointed and choose the
statistical method that best suits their study’s aims. In the current context, the peer-
review system should seriously consider including a specialist with degree in statistics
who is experienced in applying statistical methods in health sciences research. Perhaps
moving towards the open publishing system, currently being adopted bymany journals
where the reviewers’, editor’s and authors’ comments are made public throughout the
review process, may contribute to enhancing the current review process [57].

Apart from contributing towards improved scientific publications, bringing statis-
ticians into a journal’s editorial team may also help to detect scientific fraud by using
statistic procedures and computerised controls that have proven their worth over the
years [13].

6.3 Setting up Statistics Units within Health Schools and Health Research
Centres

Centres or institutions that often use statistical methods need to set up statistics depart-
ments, areas or units comprising statisticians able to devise, systematise and analyse
information from research projects requiring such methods. A team of just a few
specialised, co-ordinated professionals would then be able to guarantee sound use of
traditional methods and to devise new methods that can impact on quality research.
This kind of unit would also enable even more specialised know-how to be shared
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among professionals in the same field and would facilitate the spreading of this know-
how to other professionals who are not specialised in statistics [14].

Even though this proposal was built into health policies in the 1960s [65,66], many
public health schools and biomedical research centres in developed countries still
have no statistics units or departments to support their research efforts, to evaluate
the methodological quality of studies and to enhance the efficiency of any research
conducted.

In 1992, the Report of the Ad Hoc Committee of the International Statistical Insti-
tute warned that, due to the relatively small numbers of people compared to other
professional groups, statisticians find themselves outvoted in the making of important
policy decisions [41]. However, they are essential to evidence-based management, and
are uniquely positioned to contribute significantly in addressing and solving the com-
plex problems the humanity faces. For this reason, their role and importance should
be appropriately recognised. Today, governments all over the world have a challenge.
They should increase the appreciation of the importance of statisticians to achieve a
statistically advanced country, where experts in the production and the analysis of data
are co-ordinated in statistical units or statistical centres, all research teams include sta-
tisticians as partners, and politic decisions are based in statistical data analysis carried
out by statisticians of excellence [1,29].

7 Conclusions

Despite efforts made by editors, errors in applying and interpreting statistical meth-
ods remain common in scientific papers published in both high-impact factor and less
prestigious journals. In part, this problem stems from the professional deskilling this
particular area of knowledge suffers from, where health science professionals devise
training programmes in statistics, teach statistics, conduct statistical data analysis and
review statistical procedures without appropriate qualifications. Unfortunately, there
is no legislation or regulation for professionalising of statistics in most countries,
unlike other professions such as medicine, pharmacy, psychology, law, engineering or
architecture. Professional bodies in statistics, scientific societies for statistics, research
managers, editors, reviewers and researchers all need to pool their efforts and devise
strategic plans to improve this situation which is hindering the advancement of scien-
tific knowledge and indeed seems to be getting worse over time.

On the other hand, fraud and scientific misconduct have grown enormously over
the last decade, together with major statistical errors. As a result, the number of papers
withdrawn fromhigh-impact factor journals has also increased.There is no single cause
for this trend. Some authors distinguish between intrinsic and extrinsic causes. Intrinsic
causes are linked to the researcher’s attitude and personal vanity, while extrinsic causes
are related to the working environment and institutional pressure exerted on scientists,
where economic incentives are linked to the number of publications and the value
of bibliometric indicators, such as the impact factor [11]. The higher the number of
papers published in renowned journals, the greater the possibility that the research
in question will be qualified as excellent, leading to greater funding options for the
research group and institution involved. In fact, research published in peer-reviewed
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Table 3 Analysis of situation and perspective of the use of statistics in health sciences

Key point Description

What is statistics? Statistics is a branch of mathematics that studies random events. As
a formal science, statistics obtains new knowledge through logic
reasoning, opposite to factual sciences, where the knowledge is
based on observation and experimentation.

Who is a statistician? The statistician is a professional that has an university degree in
statistics, with a solid grounding in mathematics, or mathematics,
with a specialisation in statistics, has up-to-date in-depth
knowledge in his/her field, applies complex statistical techniques
to data analysis and is capable of developing new mathematical
models to resolve theoretical or applied problems. Usually, a
senior professional statistician also possesses a Master’s degree
or a PhD in statistics.

Who is a user of statistics? A statistics user is a person without formal qualifications in
statistics who occasionally applies the most common statistical
techniques for their work or for research in factual sciences,
including health sciences.

The eternal problem A large number of papers published in health journals contains
errors in statistical analysis

Inappropriate use of statistics affects the validity of the conclusions
and the advancement of scientific knowledge

The problem was detected in the second half of the twentieth
century and persists today

Journal editors are not unaware of this issue and acknowledge that
many studies published today have serious statistical flaws that
lead to unfounded conclusions

The causes of the problem Health researchers lacking appropriate training in statistics

Unqualified reviewers to evaluate statistical methods in health
research

The seductive nature of complex statistical methods which often
fascinates non-statistician health researchers

The pressure exerted on scientists to publish, where the scientific
excellence are linked to quantity (such as the number of
publications and high-impact factor) rather to quality

Social repercussions of the
problem

Wrong scientific knowledge, based on spurious conclusions

Inefficient decision-making

Negative impact on the implementation of appropriate health
policies

Unwarranted social alarm, produced by spurious risk factors for
health
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Table 3 continued

Key point Description

Proposal of solutions Basic training in statistics for health researchers performed by
statisticians with long-standing experience in teaching

Professionalising statistics: all the statistical tasks should be carried
out by statisticians. In other case, statisticians should supervise
the statistical analysis performed by the users of statistics. Only
statisticians can provide quality training in statistics, ensure
quality of the statistical analysis into health research teams, and
assess quality of statistical methods used in scientific papers.

Setting up Statistics Units within Health Schools and Health
Research Centres

Promoting leisurely research, where the scientific excellence is not
defined by quantity, but by quality

or high-impact factor journals is still called research of excellence and the results are
often cited. However, there is enough scientific evidence available to deduce that the
peer-review system, a journal’s impact factor and the number of citations a paper has
cannot guarantee the quality of the published research, and, consequently, neither can
it endorse its excellence [10,35,52,60].

It is clear that scientific culture is changing.The impartial search for the truth is being
left to one side while a mercantile philosophy is increasingly gaining ground [16,62].
Being competitive, publishing in prestigious journals, directing a large number of
projects, securing patents and attracting major funders are all issues that rank too high
in our priorities. As a result, traditional scientific values, originality and reflection are
all being relegated, leading to negative repercussions for the quality of research and
the advancement of scientific knowledge [7,49].

Both the scientific community and society at large should reflect on this mad race
that started several years ago, on the achievements that are being made and on the
legacy being left to future generations of researchers. Perhaps now is the time to think
of alternative strategies capable of promoting excellence in research that focuses more
on quality than on quantity, where statistical procedures are devised, taught, applied
and evaluated by experienced and duly qualified specialists (Table 3).

In the twenty-first century, the challenge for science and governments all over the
world is now achieving professionalisation of the statistical practise and getting statis-
tically advanced societies to improve decision-making based on adequate evidences.
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