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Abstract
Recent literature by major statisticians makes unequivocally clear that research methodology has lost a sense of its under-pinning philosophies. As a result, practices and journal publications are becoming increasingly unreliable. Practices destructive of proper research such as p-hacking are ubiquitous and many of the corrupting practices of statistical research are innocently a product of researchers not understanding the epistemic foundation of statistics as inductive logic. The educational sciences are as vulnerable to these disturbing consequences as other social sciences. In light of tens of thousands of published empirical research every year the lack of important advances in education and the human sciences generally are testimony to matters that need immediate redress. The disciplines need to consider a meta-regulatory theoretical law for offering and adjusting prescriptions to research protocols.  The article concludes with two six-year plans either of which if adopted should lead to more sophisticated approaches to research design and program evaluation in the training of educational doctoral graduates.
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Re-freshing the Teaching of Educational Statistics

The teaching of educational statistics needs reforming. “Many ‘discoveries” cannot be replicated by other researchers because of the inappropriate use of standard statistical methods…improving data literacy means changing the way statistics is taught (Spiegehalter, 2020; p.11)” Students learning a few arithmetical recipes in addition to a few principles for consuming statistical data is not enough for understanding the world in statistical terms. Even some who teach educational statistics and research seem rather naïve about what statistics as a strategy of inductive inference. In fact, some who teach statistics are in effect teaching p-hacking at the graduate level more than honest and rigorous approaches to research (Ritchie, 2020). Not all programs teaching educational research and statistics suffer from such deficiencies but even a few is too many. Some of the most competent and renowned statisticians work in educational statistics (Page, 2018; Wainer, 2006; Theisson & Wainer, 2001; Rubin, 2005; 1974). Clearly there are champions of competency. Meritorious programs do exist. But there is no denying that in all the social sciences there is a poverty of sustained able instruction in statistical evaluation and data management (Ritchie, 2020: Koretz, 2017). As Mayo disappointedly writes, “…we’re fooled more by noise than ever (2020: p.269).
To go beyond what is often a gloss on statistical practice, think about how statistical thinking came about in the modern era. The goal was to use tools borrowed from probability theory to make ever greater approximations of reality through statistically driven, inductive inference. This goal is one of ensuring severe testing. Severe testing starts with: 1.) checking for selection effects, 2.) monitoring for violations of model assumptions, 3.) identifying obstacles to any move from statistical to substantive causal or other theoretical claims (Mayo, 2020; p.269).”
To start, keep in mind probability theory and statistical theory are not the same. For example, consider this: the number 6 has a 1/6th chance of showing face up on any one throw of a perfect six-sided die. This is a truth of probability theory. However, no one has ever been so privileged to roll a perfect die! 
Perfect die exist only where all perfect abstractions of mathematics exist; in a world beyond the world of ordinary experience (Duffy, 2018). To discover if the die in any person’s hand is approximately perfect requires more than probability theory. Determining the likelihood that an actual die will show each face approximately the same number of times over the long run requires turning away from the perfections of probability theory to the epistemic practices of statistical thinking. As David Spiegelhalter observes, “The formal basis for learning from data is a bit of a mess…. It is no wonder that mathematicians tend to dislike teaching statistics (2020; pg. 305)
To determine the extent of the actual die’s approximating the ideal distribution of probability theory a person must roll the actual die and record what happens. How many times must the die be rolled cannot be determined a priori. A hundred, a thousand, even a million rolls or more could give disparate results. There are two principle reasons for this continued uncertainty. First there could be the slightest imperfection in the die causing it to favor some distributions over others. Second, in the face of infinite possible rolls there is no reason that even a perfect die would produce perfect distributions over any sequence no matter how large. In the early days of statistical thinking, Jacob Bernoulli proposed that the larger the number of observed events the more likely the recorded data comes to portraying the actual phenomenon accurately (Osterlind, 2019; p.54). This so-called law of large numbers seems plausible until one considers that in a world of endless possibilities even a perfect die might well produce many unexpected sequences such as 6, a million times in a row. Here a truth of probability contaminates the epistemic effort of the statistical thinker. Attempted modifications proposing central limit theorems or, weak as opposed to strong, laws of large numbers cannot guarantee compliance of observation with prediction (Cox, 1958; 357-72).
The statistician must acknowledge that infinite possibilities necessitate allowances for indefinitely long sequences (even infinite sets may appear assuming they are no longer than e: the continuum of the number line itself). The statistician’s die is not perfect. It has physical properties which tend to define more limited properties in the context of actual rolls and in the presence of whatever other physical constraints might limit the die’s free roll.  
The statistician must unavoidably sacrifice any prized certainty (including genuine objective probability) and settle instead for something described herein as Law of Figuring Things Out (Wagner, & Fair, 2021; Wagner et.al. 2018; 2017). The Law of Figuring Things Out (LFTO) begins with none of the formal constraints as one finds in logic, mathematics and statistics. In this respect it is more open and freer of distracting influences as warned against by Kahneman, Sobony and Susskind, 2021). The LFTO is similar in sympathy if not in full detail with statistician Deborah Mayo’s recent argument in favor of a “Guiding Principle of Figuring Things Out (Mayo, 2020; p. 11-13). The LFTO and Mayo’s Principle are both open to contrivances of any sort for solving an intellectual challenge as long as once solved one can reverse engineer the line of thinking and re-construct a protocol that from a more distant prospective continues to seem generally reliable in many similar contexts (2017; pp. 2018: pp. 50-51).
The statistician wants to know about the reality of this die (or perhaps of die manufactured in a certain way) under relatively specified conditions. Whether a reasonable claim to know can be determined will not be determined solely by a selection of experimental data nor by a conclusion deduced from a priori first principles. The challenge of statistical inference into the real world is always a challenge to better approximate truth ii some less than grand sense of the term (Pearl, 2020).
The Path to Better Approximations
Isaac Newton and Gottfried Leibniz independently figured out the calculus, “flattening the curve” as it was then called. The calculus rendered ever more trustworthy interpretations of continuous data configurations. Previous attempts to flatten the curve always relied on moving towards infinitesimally smaller line segments that when added together gave a range of the numerical value of the curve contained within or below the curve. The calculus escaped the distraction of infinitesimals for the time being. The calculus made possible figuring out the path of continuous data revealing more likely profiles of data aggregation (Stewart, 2017: Berlinski, 1995). 
Probability theory depends on logic and a priori axioms to prove conclusions (Hacking, 2014). In contrast, the statistician’s epistemic tool box is filled with concepts, policies, protocols and practices free of a priori commitment and grounded on reasoned considerations of the likely. It includes pragmatic constructions of randomization, cataloguing of confounding factors, provisions to alert for researcher bias, conventional standards of aggregating similar data, tests of significance, error theory and more (Page, 2018; 62-65). 
Probability theory is pure abstraction. These abstractions are as Plato deified in his thinking about mathematics (Gray, 2008). For example, Plato’s allegory of the cave is about turning away from shadowy appearances of the moment and looking directly into the light of unchanging and universal truth. 
In the world of appearances, geometric figures seem readily apparent. Yet no humanly experienced circle has exactly 360 degrees. Only abstract, perfect circles placidly imposed in Euclidean planes have 360 degrees. Similarly, angles of a triangle add up to 180 degrees again only in perfect abstraction and in plane geometry. In the world of curved space that Lobachevsky, Bolyai, Gauss and finally Riemann describe there are no triangles of 180 degrees! In curved space geometry, convex and concave curved space is ubiquitous. Even at the smallest distance between two material points however small, the distance is curved. Every such line is a geodesic thus making all triangles greater than or less than 180 degrees never the 180 degrees proposed by Euclid (Posamentier & Spreitzer, 2020; pp. 19-25).  And finally, away from abstraction and in physical reality,  is not a fact of the area of any experienced circle and certainly not of all circles. Rather, the equation is about the ideal of circle-ness utilized to approximate real-world appearances. 
Even the number π identifies no quantity ever experienced directly. Rather it is a property of perfect geometric abstraction. Plato’s thinking of other-worldly and majestic perfection in mathematical abstraction continued to the present day in the work of Kurt Gödel, the greatest logician of the last century and Fields medalist nominee Gregoryi Perelman today (Yau & Nadis, 2019; pp. 240-242). The point here is that all pure mathematics including probability theory is separate and apart from the application of mathematical tools used to study real-world phenomenon (Berlinski, 1995). Similarly, with formal logic as Hans Halverson warns, “At best, logic can help us to calculate the costs of our beliefs…it is up to you to decide what costs you are willing to pay. (2020; p.225)
 Prescriptions for applying probabilistic tools when accounting for real world phenomenon is called statistics. And as such statistics remains a branch of epistemology utilizing mathematical constructs reasonably employed in light of reflective re-engineering, again this is practice in accord with the LFTO (Wagner & Fair, 2020; Mayo, 2018). 
Statistics is part and parcel of epistemology. It is not properly speaking, a division of mathematics. Statistical studies are about plausibly, approximating truths of reality. Statistical theories deal with non-mathematical matters such as the difference between correlation and causation, confounders, principles of near randomization, error theory and null hypothesis testing all as a way of backing away from error and towards approximating truth (Wagner & Fair, 2021: Osterlind, 2019; Mayo, 2018).  It is no small coincidence that many of the major proposals for statistical treatment of data emerged first in philosophical journals (Diaconis & Skyrms, 2018). Today, this tradition continues as evidenced in the work of statisticians such as Judea Pearl, the father of computational Bayesianism (Pearl & Mackenzie, 2018).
Founding Statistical Epistemology
Blaise Pascal and Pierre Fermat are the founders of decision-making under conditions of uncertainty (Devlin, 2008; Hacking, 1990). Through his correspondence with Pierre Fermat, Pascal figured out that tools taken from probability theory could be employed to increase the effectiveness of making decisions under conditions of uncertainty such as gambling (Stewart, 2017; 53-6; Spiegelhalter, 2020; 213). 
These tools were fruitfully extended in systematic conjecturing practices by the Bernoulli’s (Bernoulli, 2006) then Gerolamo Cardano and then (two centuries later) Leonard Euler (Stipp, 2017). These latter theorists showed how probabilistic formulas could better manage risk-taking of insuring cargo transport and stabilizing logistical support of armies (Posamentier, & Spreitzer, 2020; pp.75-84). Other applied epistemologists such as Pierre LaPlace and the Bernoulli family joined in recruiting tools from probability theory to figure out how to make more plausible decisions in the flawed and turbulent world of commerce, astronomy, meteorology, artillery accuracy and even applied public health (Posamentier & Spreitzer, 2020). 
Statistical applications to public health considerations were the first major step towards the generalized appreciation for statistical summarizing in large scale public policy. The second large scale step came about in educational planning and policy-making. 
Public Policy and Statistics to the Rescue
The story of Snow’s pump shows the epistemic advance of moving from impressionistic assessments of cause and effect to a way of figuring out a likely cause under conditions of uncertainty. In the 19nth century, tens of thousands of people were dying of cholera an early pandemic such as the current, covid – 19 pandemic. At one point five hundred people in Soho died in just ten days while a short distance away no one died. 
Cholera is usually caused by drinking contaminated water. Yet the people in both demographics were drinking from the same river so impressionistic reasoning left people with the conclusion that the river water was not contaminated. Dr. John Snow considered where the folks in the two areas were getting their water. He found they got their water from the same river but in different places. Not simple observations, not pure math and not formal logic could lead the way past impressionistic and speculative medicine at the time but, statistical reasoning could. Snow examined pumps and the rate of illness in proximity to the pumps. It turned out that the water from only one pump was contaminated. People stopped drinking from that pump and the rate of cholera all but disappeared. Today, Snow’s pump remains a dedicated landmark and tourist attraction to the beginning of statistical analysis in public health (Korner, 2009).
A short time later, Florence Nightingale used statistical thinking to demonstrate that more soldiers were dying of infection during the Crimean War than from battle wounds (Cairo, 2020; 175-81). Ignaz Semmelweis demonstrated that obstetricians washing their hands before delivering babies could save more infants’ and mothers’ lives as a result. Epidemiology was born. Epidemiology is the statistical study of health and disease distributions. As the three cases above, all early statistical studies were frequency-based modelling. Snow’s study was descriptive. Semmelweis and Nightingale’s were forerunners of inferential statistics but all three were frequency – based in their epistemological assumptions. 
Mathematician Carl Gauss noticed that distribution of many common characteristics lends themselves to representation in what looks like a bell-shaped curve. This normal curve and derivative concept of standard deviation from the mean gave descriptive statistics further potency in summing the frequency of likely events in so much of reality. He (Along with A. Legendre) also gave statistics the concept of the line of best fit which marks out an aggregation of data along an X/Y axis that looks like a football if well fit or chaotic if not (Spiegelhalter, 2020; 125)
The frequency approach to descriptive, social statistics developed further through refinements completed by Charles Darwin’s nephew, Francis Galton. Galton measured everything he could imagine. He even began considering comparative measurements of intelligence as did a few lesser - known German and French statisticians (Gould, 1981).  Galton’s work illustrates how formulas can be potent assets when aggregating and comparing data yet they dictate no certain insights into the world.       
A prime example of using math to figure out the world is Galton’s discovery of regression to the mean (Galton, 1877). Galton measured everything he could imagine measuring, height for example. Men are typically taller than women and there were geographic differences between groups of men and women in mean difference in height. The longer Galton looked at the data something seemed needing further explanation. Math had nothing to offer. Tall parents usually had tall children but rarely as tall as they themselves (making allowances for gender). Similarly, short parents tended to have short children but not as short as they themselves. It seemed as if nature was in the business of righting some imbalances. Galton’s creation of the formula for regression to the mean was not a work of mathematics but rather an invention to track observations more systematically (Galton, 1877; 492-95). His observations were the driving force behind the figuring out – not some mathematical derivation of pure probability. Galton’s formula allowed him to track the regression he observed. He then figured out too that regression was apparently common in throughout much of observed reality. This is a paradigmatic example of how statistics utilized math in formulas to fulfill robust epistemic ambitions. It was not in itself a mathematical achievement (Stigler, 1989; 73-86).
To account for these troublesome disparities Galton considered a new measurement the median, which sliced through a set of data by setting aside the number of observations from smallest to largest equally on either side of the midpoint. The mode he made apparent as another metric of pragmatic value when figuring out other matters of practical import. The mode of a set of data is the numerical quantity that appears most often (The value at which the probability mass function takes as its maximum value - the numerical quantity that most frequently appears in a set of data.) The mode and median add additional features for characterizing the sampled population as a model for the population under study in addition to the mean.
In a short time, others applied additional math tools revealing yet more about possible relationships between groups. For example, Karl Pearson, and then his son Egon, made a case for something called the correlation co-efficient R. This is still today referred to as the Pearson correlation co-efficient (1938). The correlation coefficient modelled associations that while not causal seemed more intimately associated then mere coincidence would allow.
The correlation co-efficient added to the statistical toolbox another metric improving epistemic judgement about the relationship between two groups (Pearson, 1900; p157-75). But, correlation co-efficients can only take researchers so far (Neyman & Pearson, 1933 289-37). Correlations raise fruitful suspicions. But for suspicions to become more epistemically accountable they must indicate degrees of validity and reliability as part and parcel of systematic, real – world observations.  The Neyman-Pearson theory specifies an alternative and fixes type 1 and type 2 error rates for the two possible kinds of errors of a hypothesis test; There is a precise correspondence between confidence intervals and Fisher’s P-values if the 95% interval excludes 0, we can reject the null hypothesis of 0 at P< 0.05 (Spigelhalter, 2020: p.304). Despite numerous attempts to merge this into a single unifying theory, none yet has succeeded (Berger, 2003.)
Under the null hypothesis of a Poisson mean distribution, the discrepancy between the observed and expected counts could be summarized by a chi – square goodness of fit test statistic. The central limit theorem as previously employed showed that large samples tend toward Gauss’s distribution. Yet this still does not secure optimal epistemic certainty. Essentially as Spiegelhalter concludes, “Essentially [goodness of fit] is about residual error to be treated as an un-avoidable variability that cannot be modeled (2020; p.143)”. Here the Law of Figuring Things Out (Wagner & Fair, 2021; Mayo, 2020) presses forward not on mathematical grounds but again on epistemological grounds and practical limitations of aggregating observational data.
The further principle of confidence intervals formalized by Jerzy Neyman and Egon Pearson alluded to above admittedly have to be adjusted when multiple tests are conducted on different subsets of data or in cases of multiple outcomes measures (Spiegehalter, 2020 p.304; Westfall & Young, 1993). This work remains central to frequency approaches to statistical management even today (Spiegelhalter,2020; 240). The meaning of gradients depends completely on our assumptions about the relationship between the variables being studied Spiegelhalter, 2020; p.143) The fact that recipes for applying Neyman-Pearson and other strategies using algorithmic recipes captured in standard computer software (Holcomb, 2017; 6th ed.) illustrates not so much the utility researchers have found in such computer algorithms as it does the risks researchers are willing to incur by unquestionably relying on such software at this point.  
As Deborah Mayo notes however, disputes over how to achieve further credibility for relational associations has statistical theorizing hemorrhaging.  And the hemorrhaging is not just between Bayesians and Frequentists but among both Bayesians and Frequentists (Selke, Bayarri & Berger, 2001). New and far deeper challenges are shredding confidence in statistical reports in the social and biomedical sciences in particular (Mayo, p.269). Correlations and statistical descriptive tendencies once gave a fresh look at so much in the world that previously had been summed in people’s minds impressionistically. But, as researchers became more sophisticated in epistemic judgment emerging statistical novelties gave even a sharper edge to what researcher observed and quantitatively managed (Spanos, 2013; 1555-85). 
In the physical sciences Galileo opened the door to sampling summaries in statistical reasoning but it was Boltzmann’s study of gases that led to physics being wholly driven by statistical management of data. However, what was going on in the use of statistical measurement and explanation of the human social world was as precarious as it was exciting. This as noted above is where this study will angle in preparing for pedagogical recommendations in teaching statistics and research methodology to education graduate students.
Social statistics as a separate science and educational statistics in particular were quickly approaching a renaissance in the early twentieth century. No one more evidenced the potency of these new stand-alone statistical strategies in physical and social sciences both than Sir Ronald Fisher (Matthews, 2016; 53-55; Rubin, 1974). 
Fischer merged Galton’s regression and Gauss’s goodness of fit strategies early on in his career (1922;597-612). Beyond that he added numerous other tools considered foundational especially in educational statistics, concepts such as: p-values and significance tests, power of a test which is a measure of rejecting the null in favor of an alternative hypothesis given the alternative is true, power of an experiment which he noted is its ability to detect a real effect as opposed to noise (Speigelhalter, 2020; 283). And Fisher’s textbook on research design is still in popular use or is at least a template for books that do serve the textbook demands of many advanced statistics courses (Fisher, 1971). More than any other book ever published this boof defines the frequentist approach to statistics so common in use in educational statistics today (Silver, 2012; 252-256).
Many of Fisher’s early conceptual tools and guidelines (philosophical prescriptions) have now been challenged leading for example to an odd mixture of Fisher and Neyman-Pearson’s results (Spiegelhalter, 2020; p.287). Beginning perhaps with the work of a contemporary of Fisher’s, educational psychologist, Barbara Burks was the first in statistical theory to go beyond Fisher extending correlational thinking to regimented path analysis more promising of identifying emerging causal associations (Burks, 1926). Today, the father of computational Bayesianism, Judea Pearl still credits Burks  diverging from the philosophical trends of the day championed by Fischer (Pearl, & Mackenzie, 2018; p. 304).
Unlike theoretical justification in probability which in the end is always proof-based, theoretical justification in statistics and research methodology is always an instance of epistemic rationality and ontological commitments to what is identified as the object of study (Wasserstein & Lazar, 2016; 129-33). All of this of course is philosophy. Philosophy weds with mathematical utilization in statistical theorizing, creating prohibitions and prescriptions to be followed in regulatory fashion. As statistician Nate Silver observed, “Information is no longer a scarce commodity; we have more of it than we know what to do with. But relatively little of it is useful…. we think we want information when we really want knowledge. The [statistical] signal is the truth. The noise is what distracts us from the truth (Silver, 2012; p. 17).
Thesis, Anti-thesis and then Synthesis?
Hegelian speculation about thesis and antithesis leading inevitably to a new synthesis is a handy metaphor when answers are neither deducible nor self-evident. So, it has been in statistical theorizing. Shortly after Pascal and Fermat initiated statistical thinking in conditions of uncertainty (Stewart, 2017; 53-56). Another approach to approximating reality began emerging from the work of an amateur mathematician named Thomas Bayes (Devlin, 2008; Wagner, 2006). Bayes created what is sometimes today called the subjectivist approach to statistics or simply Bayesianism (Silver, 2012, 252-256). Even Fisher who once attacked Bayesianism came around towards the end of his life to acknowledge that Bayesianism as modified by Pierre LaPlace, did a better job predicting in many cases than inferential statistics driven by the frequentist philosophy (Silver, 2012; 252-256).
Bayes was very much into the principle herein described as the Law or Principle of Figuring Things Out (Mayo, 2020; Wagner & Fair, 2021; Wagner et.al, 2018; Wagner et.al. 2017). Bayes knew of Pascal, Fermat, the Bernoulli’s and others. More importantly he knew practically speaking, no one goes into a planning event with a blank slate for their mental template whether in science, business, gambling or any other decision-making under conditions of uncertainty (Gigerenzer, 2004). In facing an intellectual challenge, people roughly frame the challenge they have in mind. In doing so, they use their experience and imagine quantitative estimates of likely causes, consequences, correlations and so on (Taleb, 2007). These estimates are prior probabilities. In his philosophy constructing a statistical theory for figuring things out, Bayes advises recording prior probabilities and then using his theorem to adjust likelihoods of outcome as new evidence accumulates. Bayesians do not stop with summative conclusions based on past frequency. Bayesians re-engineer inductive inferencing. Start with an initial assessment of prior likelihood in a given situation. It doesn’t much matter how that estimate was derived since subsequent likelihoods encapsulated in the theorem immediately begin adjusting in response to newly accumulated evidence (Matthews, 2016; 136-46). 
Bayesians’ mathematical formulas are largely indistinguishable from that of frequency theorists. But by continuing to accommodate new evidence conditioned upon prior probabilities their approximation of truth is cumulative in figuring out how things in fact are (Silver, 2012; 247-251; Rubin, 1984; 1151-52). As the self-correcting mechanisms of Bayesianism move researcher away from error they simultaneously move them towards better approximations of the lay of the land in reality (Silver, 2012; 238). (Moving from one error to another error is not by definition, moving away from error.)
Bayes’ approach has proven extraordinarily effective in computerized decision protocols (Matthews, 2016;147-155). For example, when an atomic bomb was accidentally dropped into the waters off the coast of Spain scores of years ago, descriptive statistical approaches to search protocol were impotent. In contrast, the Bayesian techniques proved uncannily effective and the bomb was recovered intact (Mcgrayne, 2011: 182-95). Bayesianism continues to grow in popularity among scientists of all types including the educational sciences in recent years (Pearl & Mackenzie, 2018: Koretz, 2017).
Bayesianism is a philosophy. It prescribes regulations for the use of mathematical formulae. This is no surprise to expert statisticians but to those who only use or teach about statistical formulae it may be something of a blow. The practical import of the prescribed regulations instances the spirit of the LFTO (Wagner, et.al., 2018). 
Statistician David Spiegelhalter aptly notes that the majority of the mathematical tools used in statistics were produced in the fifty years after Pascal and Fermat (2020: p.207). The contributions of Galton, the Pearsons, Fisher, Wright, were philosophic and epistemically strategic for capturing accurate accounts of data and managing cautions so as to preserve accuracy through interpretation (Hacking, 1965). Statistics is a field of epistemology. And, there are ontological aspects as well. Frequency theorists are often at risk of losing sight of this fact whenever they obsess over the latest suggestive formula (Kahneman, Sobony, & Susskind, 2021; Mayo, 2020; Matthews, 2016; Silver, 2012; Gigerenzer, 2004). The challenge of a master as opposed to mere statistical technician is to make approximating judgements of the existent world. The real-world focus takes from calculus, probability, analytic geometry and more recently Boolean algebra only what is needed to accompany severe testing practices in the management of aggregated data.  
Because the master statistician’s theories are at heart regulatory rules meant to preserve minimally biased representation of managed data it isolates informative signals from the noise omnipresent in data (Kahneman, Sobony, & Susskind, 2021).
The LFTO is a meta-regulatory principle encompassing all statistical research and theorizing. The LFTO guides regulatory principles directing the use of mathematical tools sorting and managing data generally (Gelman & Loken, 2014)., The LFTO is a convenience of rationality. It pushes human understanding beyond mere observation. It demands attention to regulatory rules for making observations and employing mathematical tools for constructing models that amplify human understanding and control over the world. In a sense the LFTO declares, the world is ours – if only we can make sense of it and that is our responsibility.
The LFTO is abused when researchers neglect the derived regulatory rules for completing specific research projects. For example, Stanford biostatistician John Ioannidis set the statistical world a twitter when he announced research at Stanford showing that most research published in major medical and behavioral journals is false. The reason is researchers neglecting replication efforts, “file-drawering” negative results, p-hacking and outright fraud (Ioannidis, 2005) shows little respect for the LFTO and instead focuses attention on the practical “me-first” ambition of getting something into print and advancing one’s career. 
Fisher’s tests of significance are regulatory principles intended to minimize the effects of unavoidable error (i.e. errors other than those Ioannidis draws attention to).  For example, Fisher’s tests of significance in educational studies usually set p at a significance level of below .05 confidence level for error. Unfortunately, many researchers have created schemes for wrestling with the philosophically-derived, regulatory rules in order to gerrymander a result producing a p value just below .05.  Recent research has shown there is an uncanny number of articles in social science research journals that manage to get just under the conventional .05 confidence level for p-value. This cannot be mere chance (Ritchie, 2020). Add to these the effects of herd bias wherein researchers want their work to be seen as sufficiently novel but not too disparate from what others are reporting (Duffey, 2018; P. 20) and the reliability of published research looks increasingly unreliable. These flaws in statistical research are not mathematical error. Their resolution requires rigorous epistemic theory regulating evidence acquisition, aggregation and interpretation of the real world in explicit and rational fashion (Gigerenzer, 2004). 
Twenty and Twenty-first Century Statistics: Concerns
There are massive texts and computerized systems with algorithms for running data input there is little arithmetic for the researcher to do (Holcoub, 2017). Computing power should mean an over-whelming victory for Bayesianism over frequency theory since the main drawback of Bayesianism was the demand to re-calculate again and again as new evidence is identified. Yet as Matthews bemoans, frequency theory got an early start and even with the addition of computing power many researchers especially in the social sciences have been reluctant to move away from the impoverished frequency theory philosophy they were trained in years ago (Matthews, 2017; 140-9). But hoped for advances in statistical practices in public health and education need to address the epistemic demands that are becoming evident especially in the social and educational sciences (Mayo, 2020 p.14, Silver, 2012;52-3: 450- 52). The literature of leading research methodologists shows how much more applied probability I now philosophically - focused as opposed to the time of Pascal, Fermat, the Bernoullis and others (Spiegelhalter, 2020; p. 207). The formulas and equations employed in contemporary statistics are generally not advances of a mathematical kind. Rather the advances organize human epistemic strategizing for more sophisticated inductive logic. For example, Fisher’s tests of significance are no more a mathematical advance then was Galton’s regression to the mean. Nor is the Neyman/ Pearson improvement of Fisher’s tests anything other than an epistemic advance as opposed to new mathematics (Spiegelhalter, 2020; 294-304).
Vigorous debate and epistemic arguments for such things as the utility of significance tests cannot be solved as a matter of mathematics (Mayo, 2020; p 11). As the legendary Egon Pearson wrote, “…a sample is almost certain to reveal some feature, or some features, which are exceptional if the chance hypothesis is true (Pearson, 1938; p. 127).” Statistics is always about approximating the truth of evidential claims and never determining proofs securing mathematical certainty (Reid & Cox, 2015; 293-295).
Statistician, Deborah Mayo gloomily notes,” …we’re more fooled by noise than ever. (2020; p. 269)”. Researchers too often confuse approximations for reality with compromising effects of noise. This is not surprising. Only 25% of the published predictions of inferential statistical studies come to fruition (Silver, 2012; 49-53; Kahneman, Sipolny & Susskind, 2021). These laments are not meant to disparage statistical research in the bio-social sciences but rather to draw attention to the need for improvement, in conscientious practice and in further inductive theorizing.
Statistics must remain an active area of research, theorizing and philosophy (Mayo, 2020; 8-11). The need for better statistical training in the biomedical and social sciences requires greater attention to the philosophy behind new strategic tools (Spiegelhalter, 2020; 342-43)!  In addition, journals must support robust efforts in publishing replicational studies less there be further discreditation of statistical science (Ritchie, 2020; 5-6).
At present replication studies have less chance of being published than studies claiming bold and novel insights (Ritchie, 2020: 205-6). This is worrisome to all scholars of statistical theory (Ritchie, 2020; Mayo, 2020; Page, 2017: Silver, 2012). Certainly, all is not lost. But, the call to philosophize (meta-science in Ritchie’s terminology) about statistical theory and practice should herald a renaissance in thinking along the lines of the LFTO as per Mayo and Wagner et.al. (Mayo, 2020; Wagner et.al. 2017, 2018, 2021). Meta-statisticians are exposing the inability of many current regulatory rules and professional practices that while well-intended, have led to increasingly suspicious tampering practices such as p-hacking in order to publish findings throughout the biomedical and social science journals (Ritchie, 2020). And as some note the obvious, with millions of statistical studies published one would expect the various biological and social and educational sciences to be able to show grand advances of understanding and control over the uncertainty throughout their respective sciences. Such advances however are nowhere to be found in proportion to the vast amount of empirically-based publications appearing every year (Silver,2012).
In particular, P-hacking looms large as an increasing threat to the production of reliable and valid information. Moreover, tests of significance are becoming less important and often misleading as sample sizes become very large. Keep in mind, confidence levels are roughly two standard deviations either way (Spiegelhalter, 2020; p. 287). But fat tails and long skinny tails reveal very different features of the studied sample that ought to be kept in mind when studying matters of human exceptionality and well-being (Taleb, 2020; p.17; Taleb, 2007:238 - 239). And there is more to be concerned about.  Distinctions between correlation and plausible causation through path analysis and other promising philosophies of inference are too often glossed over by researchers in a rush to publish (Ritchie, 2020; Pearl & Mackenzie, 2018; Gelman & Loken, 2014). Statistical theorist Deborah Mayo, observes that, “It has become very easy to infer claims that have been subjected to very insevere tests (2020; p. 277), And, finally the issue of outright fraud seems to be increasing in the rush to publish (Chevassus-au-Louis, 2019).

Statistics in Educational Studies
As in the other social sciences, the amount of empirically – based research is reaching astronomical proportions and yet nowhere does there seem to be a proportional advance in understanding the teaching/learning process nor in the institution of programmes that show long lasting results. 
The Educational Researcher is among the premier research journals in the educational sciences. And so, if it is subject to the same flaws theorists observe in the other social sciences there is reason to suspect that the problems and concerns addressed above are ubiquitous in the educational sciences as well. For example, in a recent article titled “The Sensitivity of Teacher Value-added Scores to the Use of Fall or Spring Test Scores (Attenberry & Mangan, 2020) report impressive findings using a frequency approach and unquestionably skillful use of Fisherian p-scores, confidence levels and so on that their findings are undeniably fruitful. Perhaps, but consider all that might lead this research to becoming inconsequential in the long-run as is the case with most research in even the best journals. Since the research was recently completed its bold and its novel results appear cutting edge thus increasing the likelihood of publication (Ritchie, 2020). If their research has legs one should expect to see it replicated by other researchers. This is unlikely for reasons discussed above namely, replication articles seldom get published and so researchers are discouraged from doing replication studies. And there is more. If an article such as this in a premier journal is replicated but the p-scores are borderline or worse, will efforts to publish be thwarted by herd bias in what is already accepted or, will the borderline results simply be “file-drawered” and again prevent researchers from pursuing the alleged litmus test of good scientific practice? These questions do not challenge either the integrity or skill of the researchers but do show causes that deplete the potency of actual practice to build upon such research or discard it as appropriate. The subject of the research is very important in a world trying to align responsible accountability measurements with standardized testing models of student improvement (Selke, Bayarri & Berger, 2001). Yet this does not mean the research will be meaningfully replicated and then…and then, built upon should replication efforts turn out to be confirming.
In another recent article titled “The role of context in educational RCT Findings: A call to Redefine “Evidence-based Practice” authors A. Kaplan et.al. recognize the need to return to the basic philosophical practice of precise definition to ensure responsible inferential conclusions in statistical research (Kaplan, Cromley, Perez, Dai, Mara, & Balsai, 2020). Attentiveness to such matters is good news for educational research generally. But even these authors avoided taking on a bigger cause in challenging frequency – based inferential statistics when something more along the lines of Bayesianism would provide the sort of continuous updating of evidence needed to sustain or interrupt a so-called, “Best Practices” approach (Spanos, 2013).
Daniel Koretz has done as much or more than most researchers in educational sciences recently to lay bare the gaps between statistical studies and mirroring actual conditions in reality. His focus, echoing the worries of psychologist Donald Campbell, has been primarily on programmatic practices of standardized testing and assessment. His points cut across much research in education generally and like other statisticians and researchers mentioned above, he too worries about the embarrassing absence of replication studies (2017). 
Computer programs like SPSS encourage too many novices to plug in data following recipes that discourage reflective claims for greater fluidity of statistical management (Holcomb, 2017). Qualitative and mixed strategies are, in spirit, attempts to address what standard data management seems to miss (Theisson & Wainer, 2001; Wagner & Freedman, 1985, 35-49).  But, too often, regulatory rules consequent to these strategies simply circumvent assessment challenges that appearing too cumbersome using standard quantitative practices. As Spiegehalter laments, “The development and use of test statistics and P- values has traditionally formed much of a standard statistics course and has unfortunately given the field a reputation for being largely about picking the right formula and using the right table (2020; p. 270). The calcification of any regulatory system of research methodology starves needed attention to flexibility as prized by those who recognize that originating philosophies prescribing regulatory standards for rational justification of results must change in response to more sophisticated epistemic reasoning (Muller, 2018; 23-24).
Graduate students in education learn the standard mantras that “correlation is not causation” and that to be significant, statistical studies must show a “significance below .05”. They also learn that matched pair studies are great but usually too expensive and too time consuming. They are told to identify and address possible confounders, and use randomization protocols to diminish statistical noise. They recognize the terms t-test, z-test and Analysis of Variance (ANOVA) but not in the sense that these constructs matter epistemologically. Seldom are graduate students is told these are philosophical issues and they matter for addressing not as iron-clad recipes for research success but rather as epistemic principles arguably increasing research approximation of reality. As Ioannidis famously declares again and again, “All models are false!” Recipe application is no way around that. 
Proper education in educational statistics and research methodology at the advanced level should aim at more than angles for getting work published. Education in research methodology should lay bare the moral and intellectual commitments of doing research not just for the sake of publication but also to fulfill virtuous, scientific ambitions to uncover a bit more of reality previously not evident.
Researchers performing research, those evaluating completed research and, those learning from research must all engage in epistemic review aimed at justifying protocols utilized in any bit of research. Statistics and empirical research methodology should never be reduced to recipes, a mere bag of tricks for producing something publishable.  The philosophical should always be as central to proper training in research methodology as are technical skills in math and familiarity with the prescriptions and regulations for data apprehension. Of course, too much philosophy in absence of the afore mentioned skills would be quite empty in the preparation of a researcher or a competent evaluator of research. A paradigm of modern statistical research modeling of human engagement and learning can be found in Bryan Skyrms’, book titled Social Dynamics (2014). But given the book has been out for six years this should be a clue that given its density, few practitioners in the field have the experience or intellectual wherewithal to cover such technical material cutting across several relevant disciplines in order to create more exacting and yet flexible research protocols.

Research Methodologies and Statistics Courses: Properly Philosophical
Assuming the above is right, sectioning off research methodology and statistics as a branch of traditional philosophy namely, epistemology is not only conceptually appealing it seems inescapably valuable if research-minded educators are to understand the nuances of making claims under conditions of incomplete information. The recipe approach to research methodology and statistics cannot prepare graduates for truth-approximating research, path analysis, Bayesian planning schemes and so on. And big data prospects managed by those who do not understand the computer’s algorithmic assumptions and practice of information processing is only bound to make matters worse (Helfand, 2016). Protocols heuristically valuable in the past are proving less potent as researchers learn more about what they do not know (Wagner, 2005). 
Teaching graduate students about statistics and research methodology in algorithmic steps is bound to desensitize them to uncertainties that need to be detected and openly exposed as part of the research process.  For example, Bayesianism is only beginning to emerge as a methodological option in the educational sciences. Descriptive statistics will always be relevant to educational research as will inferential statistics similarly founded on frequency – based ontologies embracing a heuristically valuable but metaphysically flawed Bernoulli Law of Large Numbers. 
Bayesianism should be a wake-up call in educational, statistical theory as it is becoming in other social sciences. A strict focus on Boolean – like, algebraic inferential patterns can only be fully appreciated when appropriately utilized. As Deborah Mayo notes in social statistics generally the statistics wars are not all about subjectivists (Bayesians) v. objectivists (Frequentists). They should be about researchers asking what is that a given model is trying to figure out and why. The next step is to figure out which set of conceptual tools and mathematical utilities will best serve a given empirically-based epistemic challenge. A strict recipe-focus can prevent novices and even experienced researchers from seeing the forest for the trees when completing an experimental project. As educational psychologist Barbara Tversky warns, the mind fills in the details without our notice (Tversky, 2019).  To avoid falling victim to unnecessary error research theorizing and practice must remain alert to philosophical commitments (Wagner, 2006).
As mentioned above, Barbara Burks long ago, one of the most pioneering figures in path analysis began constructing protocols for using correlational studies to narrow the plausible range of avenues for identifying causal relationships.  Unfortunately, to this day few in education have heard of her and she is just one example of statistical researchers who recognized the need for flexibility and big picture visioning if statistical analysis was to consistently lead researchers away from compromising errors of the past. Only those familiar with the biostatistical work of Sewall Wright keep Burks work alive and Wright never had an interest in educational applications. (Pearl & Mackenzie, 2018; p. 188-89; Burks, B., 1928; 625-630)

New Directions for Philosophy or Education and Re-energizing Educational Research and Methodologies. 
Graduate students in education need a course in research methodology that is truly applied epistemology. Unfortunately, there are few philosophers of education with the appropriate background to teach such a course. Philosophers of education now are largely trained in theories of social justice, critical studies, post-modernism, gender and race studies and other material generally unrelated to probability, statistics, logic and philosophy of science. In the 1970’s there had been a number of philosophers of education who could be called upon to teach such courses. A few names that come immediately to mind are Patrick Suppes, Stephen Norris, Robert Ennis, Michael Scriven, Fred Ellet, Randall Curran and David Erickson to name just a few. And while there are elite statisticians that make very clear their debt to philosophy in their thinking (Pearl & Mackenzie,2018) none of those people are at a point in their careers wherein they are likely to want to teach such a course. So. who is there now to teach such sophisticated applied research courses?
Likely names do not come to mind. To jump start the new approach may require scouring academic philosophy departments for the statistically – minded. Similarly, scour the statistics departments for the philosophically- minded. Recruiting scholars from both to initiate a more robust approach to teaching research methodology in education may work – at least in the short term. But educators need to prepare their own stars who are philosophically and mathematically alert to the challenges of applied epistemology. This requires a stepwise process likely to require a half dozen years of commitment from the largest doctoral granting institutions in the country.
Likely this will be a three-step process involving either of two separate pathways.  In one path, doctoral students in educational statistics and research methodology should be required to take an upper division course in philosophy of science or philosophy of statistics from a standard Arts and Sciences philosophy department. This is step one. It is a good bet with all the questions such courses are likely to raise for the doctoral students they will be less recipe-focused when they teach graduate level statistics and research. Consequently, when such graduates teach research methodology on their own, course descriptions should be formatted to make clear that statistical theory and philosophy will be conjoined in a rigorous applied course format in applied epistemology. This would conclude a successful second step in a six-year process.  Eventually if all education doctoral students become more generally-trained in what empirical research can and cannot yet offer, they will become better consumers of information as administrators, curriculum coordinators, educational psychologists and so on. The third step is complete when most education doctoral students exhibit a broad grasp of the strengths and weakness of specific educational research and program evaluation. 
The second path may be a bit more ambitious. It requires doctoral students in philosophy of education to have at least four, three-credit hour, upper division courses in probability and statistics and at least one course in philosophy of science. This concludes step one. In step two, these graduates should be actively encouraged to seek research faculty appointments in schools and colleges of education. They should make presentations at the American Educational Research Association, the American Evaluation Association, American Statistical Association and other strongly-related statistical organizations focused usually on the theoretical and current philosophical issues of statistical research. In step three, these newly minted doctoral students in philosophy of education should be deployed by their respective faculties to teach both standard philosophy of education courses as well as the newly reformed statistics and research methodology courses. These courses could be taught along with statisticians or in addition to current statistics courses. 
Standard courses in philosophy of education now include such things as critical thinking, history of educational philosophy and so on. Other courses dominating so much of the Philosophy of Education Society’s conferences today might be more appropriately offered out of multicultural education or social history departments. This path not only breathes new life into faltering philosophy of education programs but it makes visible the fact that statistics and research methodology are unavoidably philosophically dependent subjects. The “Ph.D. degree was once intended to represent not simply one who had mastered the research technology of a field but was prepared to evaluate and contribute to the very principles of research design themselves. If students are to acquire a doctoral-level, robust understanding of what research can and should be this path must produce graduates who are more than merely competent masters of a set of recipes for program evaluation.
There are Universities such as Carnegie-Mellon, University of Pittsburgh, University of California at both Berkeley and San Diego that offer combined doctorates in philosophy and in related areas such as math, computer science, logic and so on. The same combination of philosophy (logic, philosophy of math, philosophy of computing, philosophy of science) with applied statistical methodologies applicable to education would similarly achieve broadly robust results for doctoral students in education. Even at the master’s level, Prestige universities such as Rice University in Houston, Texas offer a combined MBA in business and educational administration and Texas Christian University offers a dual MBA and Ed.D. degrees. Such degrees may suit those whose purpose in life is to keep the schooling aspects of educational systems operating efficiently and this is a good thing for those who have a narrow purpose in public education. But for the research doctorate in education, more and somewhat different curriculum should be expected
The intellectual rigor of contemporary philosophy is an asset that can do much to strengthen the potency of graduate programs in education. As noted above, the third step in either path will put a more advisedly epistemic understanding in the tool box of all doctoral graduates in the educational sciences (Wagner & Fair, 2021). In today’s colleges of education neither statistics instruction, research methodology or philosophy are serving as well all they could serve. When philosophy in education is narrowly contrived as social speculation both philosophy and the educational sciences lose valuable insight into what it means to develop an educational science. Bringing these studies together may prove the prelude to a renaissance of understanding and practice in matters of education at every level.
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