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[bookmark: _48quorffdm44]Introduction
Since establishment of cognitive neuroscience, researchers have mapped associations between brain topography and a variety of cognitive, affective, and social tasks. The field has grown rapidly, with rising numbers of laboratories, researchers, data, tools, and publications. Exciting findings have been uncovered, and tremendous methodological and conceptual developments have been made. Overall, the field has laid a good foundation for the central goal of cognitive neuroscience of deciphering how the brain gives rise to mental states. Yet, while inroads into basic aspects of where different mental events occur have been made, advances in understanding how they occur have been modest only. 
Cognitive neuroscience has followed a largely analytic strategy, dissecting systems into small components and building deep knowledge about details within each area. Accordingly, deep valleys of research have been developed, accessible only to more specialized audiences, with area-specific terms and relative separation from other closely related and highly relevant areas. We now have an abundance of detailed findings within specific research areas, but very few attempts have been made to develop theories and models that can be tested and that potentially can explain and interrelate these distinct chunks of information.
Over recent decades, there has been a rise in synthesis-oriented thinking. Systems biology involves creating models of interacting components such as proteins and molecules. Systems neuroscience has shifted in focus from isolated brain regions and single monosynaptic pathways to broader characterizations of large-scale brain dynamics, supported by advances such as wide-field optical imaging and two-photon microscopy. Neuroimaging has undergone a similar sea change when it comes to brain regions, gradually shifting from focusing on isolated regions as meditators of psychological functions to large-scale interactions, characterized by networks and brain patterns.
A driver of recent scientific developments has been prominent technological advancement in the digital age. Quantity, complexity, and dimensionality of data collected in the field have all grown tremendously. Analyses that were impossible until recently due to computational limitations are now becoming possible, and computations that used to take weeks or months can now be performed within hours or days. As a consequence, new methods are gaining popularity, from Bayesian models to machine learning and deep learning. This progress carries both opportunities and challenges. First, with these new abilities, researchers can now ask research questions they could not address before. While this undoubtedly advances the field and adds priceless knowledge, it also substantially broadens the skills required in performing research and the knowledge required from peers to understand the methods and findings. Second, as magnitude of data increases, automation of research methods, from data collection and quality control to data processing, statistical analysis and visualizations, is needed more than ever. Programming skills are becoming a necessity, but are not always taught in neuroscience programs. As the quantity and complexity of data increases, so does the necessity of reproducible and transparent analyses, and tools and practices to identify errors, since these are becoming harder to spot and more potent in changing results.
Cognitive neuroscience is on the verge of a paradigm shift, at multiple levels, advancing towards a more systematic and integrative approach towards labs and studies, psychological domains, and brain representations. We believe that the field must develop new approaches to manage the tension between often-competing goals of rigor and reproducibility, innovation, and the practical constraints and limitations of human researchers and academia more generally (e.g., incentive and funding structures). Below, we describe the recent development and our ideas for such novel approaches.
[bookmark: _7i3ki0w2wsx5]Enhancing reproducibility, replicability, and robustness
Reproducibility and replicability of findings in many fields, from biomedical to social sciences, have been called into question over the last decade. Large studies have shown concerning rates of unsuccessful replications and much lower effect sizes than in original studies (Camerer et al., 2016, 2018; Errington et al., 2021; Klein et al., 2014, 2018; Nosek and Errington, 2017; OSC, 2015). For example, only 36 out of 100 impactful results were replicated with effect sizes half that of the original on average (OSC, 2015), and in preclinical cancer biology, only 23/50 results replicated (for another 143 results, replication was not even possible) with effect sizes 15% that of the original on average (Errington et al., 2021). While a failed replication does not necessarily imply that the original finding was wrong (Nosek and Errington, 2020a,b), consistently low replication rates reveal that many reported findings are likely false positives, and that even replicable effects are often smaller and less important for real-world behavior than claimed in initial publications. 
Cumulative knowledge is often not flashy or surprising, and may require sacrificing short-term interest value, including opportunities to publish or otherwise gain attention, in favor of long-term accuracy. Prioritizing replicability of findings and unbiased estimation of their effect sizes helps to align incentives with the goal of developing a shared understanding of how the world actually works.
Various causes have been suggested for this “replication crisis”. First, low statistical power is a major problem (Button et al., 2013; Munafò et al.,, 2019; Yarkoni, 2009). The estimated median sample size of fMRI studies in 2015 was merely 28.5 (Poldrack et al., 2017), far from being sufficiently powered to detect larger than typical effect sizes in fMRI studies, given the multiple comparison challenge inherent such studies. Underpowered studies do not affect the likelihood of mistakenly rejecting the null hypothesis. However, they do increase the false discovery rate. This problem is inflated by publication bias (Ioannidis et al., 2014). Significant findings are more likely to be reported and accepted for publication in scientific journals, while reports with many null findings often end up in researchers’ “file drawers”, allowing positive results (including a disproportionate number of false positive results) to dominate the literature (Fanelli, 2012; Rosenthal, 1979). In the context where most published studies report significant findings, despite many being underpowered, the likelihood of any reported finding being true is alarmingly low (Ioannidis, 2005).
Second, some research practices that increase the likelihood of false positives are quite common (John et al., 2012). The most common questionable research practice is p-hacking, whereby researchers run different statistical tests and selectively report only ones that yield  significant results (Simmons et al., 2011; Simonsohn et al., 2014). Another example is hypothesizing after the results are known (HARKing), when researchers present a post hoc hypothesis (informed by results) as an a priori one (Kerr, 1998). These practices are incentivized, since researchers are measured and promoted based on their publication records, whereby statistically significant results are almost always a prerequisite for publication (Nelson et al., 2018). Furthermore, such questionable research practices could happen unconsciously. Human inference is biased by prior beliefs (Nickerson, 1998), and desires (Kunda, 1990; Sharot and Garrett, 2016).
Third, analytical flexibility within the field is very high (a thriving “garden of forking paths”; Gelman and Loken, 2013). Turning data into an hypothesis test typically requires numerous analytical choices, with multiple justifiable alternatives at each step. “Optimal” choices often do not exist or depend strongly on the specific domain, hypothesis, dataset, sample size, effect sizes, and artifact patterns, among other features. Furthermore, analysis is often performed by early career researchers who are learning the methods and tools while using them. Indeed, it is common for researchers to conduct preliminary analyses, which are later changed based on additional knowledge acquired about the methods (e.g., from reading more papers or from discussions with other researchers) or about the data (e.g., from observed artifacts or covariates). Researchers are more likely to “improve” their analysis or test additional ones if the original analysis did not yield a significant result in the expected direction. Thus, attempts to improve rigor and optimize analyses can easily manifest (perhaps unconsciously) as p-hacking.
Analytical flexibility is a major challenge even if it does not involve p-hacking and only one analysis is performed. A recent collaborative project including almost 200 researchers made this abstract problem concrete by demonstrating startling analytical variability with substantial effects on reported results in fMRI (Botvinik-Nezer et al., 2020). Seventy independent analysis teams received the same fMRI dataset and were instructed to analyze the data to test the same pre-defined nine hypotheses. Notably, no two teams chose exactly the same analysis pipeline. This analytical variability led to substantial variability in reported statistical maps and binary conclusions about hypothesis tests across teams. Other studies have also demonstrated the effects of analytical choices on results in fMRI (Carp, 2012; Li et al., 2021). A similar project is in progress in EEG (EEGManyPipelines.org), while in PET it has been shown that choice of preprocessing strategy can have a major impact on outcomes (Nørgaard et al., 2020), and in diffusion-based tractography high variability was found for tractography dissection (Schilling et al., 2021). Similar results have been obtained in the social sciences (Bastiaansen et al., 2020; Breznau et al., 2021; Silberzahn et al., 2018). Results are often not robust to arbitrary analytical choices, in which case the value of a single study using a single analysis pipeline becomes questionable, and testing the robustness of results to arbitrary analytical choices becomes essential.
Finally, most cognitive neuroscience studies are conducted with participants (and by researchers) from “WEIRD” (Western, Educated, Industrialized, Rich, and Democratic) societies, most commonly in North America or Europe (Henrich et al., 2010). Hence, it is unclear whether findings within the field would in fact generalize across the human population (Arnett, 2008; Barrett, 2020; Chiao and Cheon, 2010; Rad et al., 2018; Thalmayer et al., 2021).
Awareness of these problems is increasing, and there is a prominent “open science” or “science reform” movement rapidly growing, calling for improved scientific practices to enhance reproducibility, replicability, and generalizability, with an emphasis on openness, transparency and inclusivity (Munafò et al., 2017; Nelson et al., 2018; B. Nosek, 2015; Poldrack et al., 2017). Cognitive neuroscientists have been taking an active role in this movement, demonstrating self-reflection and self-criticism (Gilmore et al., 2017). This suggests an optimistic future, and indeed, tools and practices to mitigate current challenges are being developed, thereby increasing the rigor of research into cognitive neuroscience.
For example, sample sizes have been slowly increasing in recent years. One recent study showed that while high impact neuroimaging studies from 1990-2012 had a sample size of 12 participants on average, similar studies in 2017-2018 had sample sizes of about 23-24 participants (Szucs and Ioannidis, 2020). One trend that is substantially increasing statistical power is use of publicly shared data, particularly large datasets with thousands of participants, such as the Human Connectome Project (HCP) (Elam et al., 2021; Van Essen et al., 2013a), the Adolescent Brain Cognitive Development (ABCD) study (Casey et al. 2018), and UK BioBank (Alfaro-Almagro et al., 2018) (Table 1 and Figure 2). While this indicates a trend towards larger sample sizes and more powerful studies, the statistical power of most studies is still relatively small and needs to be improved considerably.
Similarly, questionable research practices such as p-hacking and HARKing, which have been common in the past, are slowly becoming less acceptable and consequently less prevalent. This is a result of the surging focus on their implications, in addition to new tools that are making such practices explicit and conscious, and prevent them in some cases. For instance, it is becoming more common to pre-register studies prior to data collection (or at least prior to data analysis), although it is still far from routine (Borghi and Van Gulick, 2018; Button, 2019; Hardwicke et al., 2021; Paret et al., 2021). In a pre-registration, a frozen time-stamped description of the experimental design, sample size, hypotheses, analysis plan, and predictions is registered on a public platform, thus constraining the researchers’ analytical flexibility and making explicit which hypotheses are tested and which choices are made, and whether they are made prior to or after observing the data. Pre-registration distinguishes between confirmatory (hypothesis testing) and exploratory (hypothesis generating) research (Nosek et al., 2018; Simmons et al., 2021). While both are necessary for scientific progress, interpretation of results generated by each approach is different. Registered reports is a form of “extended” pre-registration, where the study plan is submitted to a journal and goes through peer review prior to data collection (Chambers, 2019; Hardwicke and Ioannidis, 2018; Nosek and Lakens, 2014). The review process can result in an “in-principle acceptance”, meaning that the study would be published as long as it follows the accepted research plan, whatever the results show. This format helps mitigate p-hacking as well as publication bias, since once a study has been accepted as a registered report, the pressure to find a significant result for publication is removed, and there is less incentive to p-hack.
Code and data sharing are also becoming more common, and studies are becoming more reproducible (Borghi and Van Gulick, 2018; Hardwicke et al., 2021; Houtkoop et al., 2018; Paret et al., 2021; Poldrack and Gorgolewski, 2014). This process is facilitated in part by recent methodological and technological advancement such as guidelines for best practices (Knudsen et al., 2020; Nichols et al., 2017; Pernet et al., 2020), standards for data organization (e.g., the Brain Imaging Data Structure (Gorgolewski et al., 2016)), platforms for data analysis and sharing (e.g., brainlife.io and OpenNeuro (Markiewicz et al., 2021)), and tools for data and code management from version control and data provenance tracking to reproducible analyses and data sharing (e.g., DataLad (Halchenko et al., 2021)). For example, our laboratory maintains a growing repository of general-use, object-oriented code for neuroimaging data analysis that is publicly available at CANlab neuroimaging analysis tools (https://canlab.github.io).    
Beyond ensuring more reproducible analyses and replicable findings, data sharing efforts increase the value of each dataset, and therefore the (frequently public) resources invested in collecting it, as researchers outside the original group can later further examine it and use it to study additional directions. Data sharing further facilitates projects that integrate data across multiple studies and labs, studying research questions that frequently cannot be adequately addressed by a single study. Furthermore, it helps mitigate problems of p-hacking and irreproducibility. When researchers share their data and code, others can test whether they can reproduce the claimed results using the same dataset or independent data. 
While data and code sharing are becoming more prevalent, another type of sharing that is just beginning to gain traction in cognitive neuroscience is model sharing (Poldrack et al., 2019). Models are powerful tools for both simulating and understanding processes and for making quantitative, testable predictions. Machine learning and deep learning-based models can provide new measures, reducing complex data to patterns or effects of interest. For example, they may reduce people’s speech patterns and language during an interview into a measure that predicts risk for suicide, reduce complex electrocardiogram patterns to a measure of heart attack risk, and many more. In neuroimaging, models can reduce images with hundreds of thousands of voxels and billions of pairwise connections–each of which provides a potential measure and hypothesis to test–into a single, focused measure that can be tested as a target for task manipulations or other interventions, relationships with behavior or performance, and prediction of future behaviors, clinical diagnosis, or clinical risk (Woo et al., 2017). Inspired by ‘Model Zoos’ in artificial intelligence, our Cognitive and Affective Neuorscience Lab (Tor Wager, PI) maintains a shared library of pre-trained predictive models applicable to neuroimaging data from new individuals and scanners (https://github.com/canlab/Neuroimaging_Pattern_Masks). Testing a priori brain models reduces the ‘garden of forking paths’ and potential for p-hacking, eliminates need for multiple comparisons’ correction when testing effects on a single model-based measure, and can dramatically increase effect sizes and replicability (Kragel et al., 2018; Reddan et al., 2017). Model sharing complements sharing of data and code, making these measures available to all. Moreover, the more widely models are used and tested, the more extensively validated they become, and the more is known about their generalizability and other measurement properties such as sensitivity and specificity to particular task conditions and populations. 
While issues of low power and questionable research practices are slowly improving with current tools and approaches that are focused on reproducibility and transparency, there is still a long way to go, and other issues are even further away from being solved. For example, the problem of analytical variability is drawing more attention with recent demonstrations of its magnitude and importance in the social sciences and neuroimaging (Botvinik-Nezer et al., 2020; Nørgaard et al., 2020; Silberzahn et al., 2018). Pre-registration and sharing of code, data, and models help ensure that the analytical variability is not exploited to find and report a single pipeline that yields significant results, and to allow other researchers to test whether results are robust to other analytical choices. However, it does not solve the problem completely, since the result of a single analysis pipeline is still dependent on arbitrary choices made, and whether they were the only ones tested or not. Clearly, a first crucial step is to fully and transparently report all analytical choices.
A more complete solution to this problem is a “multiverse analysis”, in which the same data are analyzed with multiple validated analysis pipelines, which are all reported, and the researcher tests for convergence across them (thus testing robustness of findings to arbitrary analytical choices). While such approaches have been suggested (Strother et al., 2002), multiple conceptual and practical developments are needed for full solutions to be available. First, and perhaps most challenging, one needs to select which analysis pipelines to include. As mentioned above, it is hard or even impossible to generalize optimal, best approaches across domains, hypotheses, and datasets (e.g., fMRI data obtained with spiral vs. EPI acquisition protocols involve different artifact patterns and edge-of-brain brightness, which can interact with segmentation and normalization algorithms). Hence, the default approach of using an analysis pipeline that works well on average with some specific customized adaptations is sensible, but developing methods for choosing multiple analysis pipelines to test over is likely a better approach. Second, once a “multiverse” of analysis pipelines is defined, methods to test for convergence across these dependent pipelines are needed. Third, tools are needed to conduct such analysis with reasonable computational resources at a single lab level. Such developments are currently in progress, but may take time to mature, mainly for complex and high-dimensional datasets typical to cognitive neuroscience (Aczel et al., 2021; Clayson et al., 2021; Dafflon et al., 2020; Li et al., 2021; Liu et al., 2021).
The diversity of researchers and participants populations has been gaining a lot of attention alongside societal movements towards inclusivity, diversity, equality, and equity (Carroll et al., 2021; Rad et al., 2018). The recent rise of “big team science” may solve a fundamental problem of limited resources in the typical single-lab studies, by allowing many research teams to pool together their resources (Coles et al., 2022; Forscher et al., 2020). It can also lead to global collaborations, allowing more statistically powered, diverse, and therefore generalizable studies, as exemplified by the “Many Labs” projects (Ebersole et al., 2016; Klein et al., 2014, 2018; Stroebe, 2019) and the Psychological Science Accelerator (PSA; Moshontz et al., 2018). PSA is an ongoing, globally distributed, diverse and inclusive network of researchers in psychology. It includes over 1000 members from dozens of countries worldwide. Though it is only a few years old, it has already produced a few publications, preprints and in-principle-accepted registered reports, each reporting results from multiple and very diverse samples (Bago et al., 2019; Chen et al., 2018; Forscher et al., 2019, 2020; Hall et al., 2018; Jones et al., 2021). Resolving these issues and making cognitive neuroscience diverse, inclusive and representative is still in its infancy, and major attempts alongside creative adaptations of existing structures and ways of thought are needed to make substantial progress. Also, current funding structures and authorship assignment may be problematic for large scale collaborations (Coles, 2020; Coles et al., 2022).
The last decade has marked the rise of more reproducible, replicable, and generalizable cognitive neuroscience. Growing emphasis on these topics, together with an abundance of developed tools and practices to enhance them (Niso et al., 2022), are already ‘bearing fruit’. A prominent challenge that is becoming apparent as “open science” becomes more prevalent is the tension between theoretical ideals and practical constraints. We turn to this next.
[bookmark: _nloh7ngf1zdi]Balancing theoretical ideals and practical constraints
In practice, research into cognitive neuroscience often is carried out with limited resources–from funding to participant pools to skilled and experienced personnel–and within systems that often incentivize novel, positive, publishable findings (Munafò et al., 2017; Nosek et al., 2012). Putting things into perspective, Phase III clinical trials of pharmaceutical agents are designed to test a single, well-specified hypothesis: that a drug produces a non-zero benefit over a placebo or other comparator. Measures, methods, and statistical techniques are well-established, as they follow blueprints laid out by regulatory agencies and many previous studies. Endpoints are standard clinical assessments, and complex biological assays are rare. Nonetheless, such trials often cost tens to hundreds of millions of dollars each (estimated $10,000 per participant). This is due, largely to establishing rigorous and well-documented protocols, ensuring compliance with them, and establishing effects that generalize to a population are inherently very challenging endeavors. Can we expect scientists working on new, innovative ideas, developing and testing new complex measures (like fMRI, EEG, language, social media data) for which analyses not yet established and evolve rapidly from year to year, to meet expected standards for documentation, reproducibility, replicability, data sharing, and generalizability when compromises between the ideal and reality are inevitable? In addition, rigor of large-scale clinical trials comes at an extraordinary cost in innovation and development of new ideas and methods. Below, we present our suggestions for how to advance cognitive neuroscience with innovative approaches and formalizing such compromises.
We suggest transitioning towards a “phase model” (Figure 1), similar to models used in biomedical research from preclinical through phase III clinical trials (Borsook et al., 2011), and to the gradual approach we previously suggested for developing brain biomarkers (Woo et al., 2017). The rationale is to lower barriers for entry and encourage exploration and development in Phase 1, but then impose increasingly more constraints in later phases to ensure reproducibility, generalizability, and robustness of findings. Specification of different phases requires a consensus group, but here we lay out a general proposed architecture. The different phases are designed to have different criteria across two main dimensions: First, each phase imposes additional requirements, such as code and data sharing, analytical reproducibility, and analytical robustness, for establishing stronger findings. Second, studies in each phase could be either exploratory (group A) or confirmatory (i.e., pre-registered; group B).
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Figure 1. An illustration of the suggested “phase model” for cognitive neuroscience

Phase A1: “Exploratory”. Exploratory studies (with minimal constraints and requirements) are used to discover preliminary findings for later validation. Practices described above, such as data and code sharing are recommended, but not required. Many previous and current studies in cognitive neuroscience are at this phase. However, it is desirable that specific findings are validated in Phase B1 or B2 studies before being accepted by the scientific community.
Phase A2: “Shared Exploratory”. These are exploratory studies whose data and code are shared with the research community. Publications from phase 2 studies are accompanied by shared data and code.
Phase A3: “Reproducible Exploratory”. Studies with fully reproducible analyses, are validated by external researchers. Shared code and data are reviewed by independent parties prior to publication, to ensure results are analytically reproducible (i.e., identical results are obtained by other researchers using the same data and code).
Phase A4: “Robust Exploratory”. Exploratory studies may be both fully reproducible and robust to analytical variability, as determined by a multiverse analysis. Studies in this category specify and justify a systematic set of analysis pipelines over which to generalize and report robustness of results across these analytical choices.
Phase B1: “Confirmatory”. Confirmatory studies are used to test specific hypotheses, validate measures and biomarkers, and estimate effect sizes. These activities require precisely defined targets. In this phase, pre-registered hypotheses and predictions are tested with a pre-registered analysis plan.
Phase B2: “Shared Confirmatory”. Confirmatory studies with publicly shared data and code (as in A2).
Phase B3: “Reproducible Confirmatory”. Confirmatory studies that are fully reproducible (as in phase A3).
Phase B4: “Robust Confirmatory”. Studies that are fully reproducible and tested for analytical robustness (as in phase A4), which were pre-registered (including plan for analytical robustness).
Pre-registration is key to distinguishing between group A and group B studies. It is critical to determine when a study needs to be pre-registered in order to be considered confirmatory. We suggest that pre-registration be recommended prior to data collection, and required before critical outcome data are observed. Critical outcome data are required to test a hypothesis. For example, primary outcomes in a clinical trial, task condition labels in a hypothesis test of task-evoked brain responses, and group labels in between-groups comparisons are critical outcome data. Analyses can examine distribution of other variables prior to hypothesis pre-registration (e.g., for the purposes of checking data integrity, study procedures, and statistical distributions, if outcome data are not available to the analyst). Data or results available prior to pre-registration should be described. Studies should be powered to detect the pre-registered effects of interest, as is standard for clinical trials.
The concept of critical outcome data is important for maintaining appropriate controlled flexibility at this stage. It is advantageous, and often critical, to examine data in order to know which modeling choices should be made (e.g., how to identify and correct invalid or missing values during data collection, deal with outliers, specify error distributions and variable transformations, test assumptions, and determine the structure and nature of statistical models). If all hypotheses must be specified prior to data collection, their specification must be imprecise with respect to all of these choices. This leads to substantial analytical variability later, allowing thousands of variations on tests of a single pre-registered hypothesis. Indeed, almost all publications of pre-registered studies report deviations from the pre-registered plan that are explained and justified. Pre-registering at a later stage, but before outcome measures are observed, could thus constrain analytical flexibility better than pre-registering prior to data collection. An alternative is to use one dataset to optimize the analysis, and then pre-register and apply the optimized analysis to a new dataset. This could be done either by dividing the dataset to a “training” set and an independent “test” set or by collecting new data after the analysis of the original dataset (i.e., a pre-registered replication).
Second, as studies grow in size and complexity, it becomes impractical to specify all hypotheses before data collection, and requiring this would either impose an uneven standard across studies or preclude virtually any Phase B1 hypothesis tests on large-scale studies. For example, the UK Biobank study began data collection in about 2010, and neuroimaging data collection is expected to be complete around 2025. Requiring pre-registration before data collection would preclude virtually all confirmatory Phase B1 studies on the Biobank and other similar large-scale studies. A reasonable standard is to allow the formulation of hypotheses as long as the critical outcome data used to test them have not been examined. For example, researchers could pre-register a hypothesis about effects of sleep on brain connectivity, as long as they formulate the hypothesis before any examination of the relationship. Examining or extracting brain connectivity components in advance would be acceptable, as long as the researchers did not examine their relationship with sleep (or, ideally to have access to the sleep variables) before pre-registration. This standard is consistent with the practice of blinded analysis, in which effects are analyzed without awareness of the labels on the critical outcome data (e.g., patient group or task conditions). Such a phase model can facilitate gradual progress towards more reproducible, replicable, and robust findings, while still encouraging innovation and risk taking (but acknowledging practical barriers).
Another critical trade-off exists between statistical power and replicability, which require large sample sizes, and the need for innovation and diversity of approaches (Figure 2). This is a fundamental tradeoff, though there are other objectives that trade off with these goals as well, such as generalizability to diverse populations. There has been a strong trend towards larger and more diverse datasets, with substantial public funds devoted to collecting and sharing ultra-large datasets like the HCP, ABCD, and UK BioBank. While these datasets are exceptionally useful for many research questions, they focus by necessity on a few widely used measures and task paradigms. They are not designed for methodological innovation. One critical type of innovation is the development of new tasks and computational models that could provide novel measures with larger effect sizes and greater inferential precision. Another kind of innovation is the development of new techniques for collecting data (e.g., new imaging sequences and modalities). Thus, while large shared projects have provided a tremendous step forward, they are limited to a very small portion of the space of cognitive and affective processes that might be assessed and methods for assessing them. 
One solution is to leverage the advantages of small, innovative studies and large, well-powered studies by combining them. For example, predictive models and measures from smaller studies can be correlated and combined with those from large shared datasets (He et al., 2022). A broader, more ambitious solution is to establish multi-lab, multi-study, multi-task consortia. In such consortia, researchers collaborate to share datasets collected within broad domains but with diverse designs and tasks and by different labs. Such multi-study datasets are already yielding more robust, generalizable findings (Zunhammer et al., 2021).
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Figure 2. Tradeoff between sample size and task and context diversity. For description of studies based on the acronym, see Table 1. Note that here we focus on diversity of task fMRI (and its context) specifically, and thus studies that are diverse in other aspects (e.g., imaging modalities) may still be low on the Y axis. There is a prominent trade-off between sample size and task and context diversity that could be addressed by multi-task, multi-study consortia like the Placebo Imaging Consortium and the Affective Neuroimaging Collaboratory (ANiC).

Table 1. Overview of large population-based studies, ordered based on sample size
	Acronym
	Study / database
	Reference
	Sample
	Population

	UKB
	United Kingdom Biobank
	(Alfaro-Almagro et al., 2018; Miller et al., 2016)
	100,000 UK adults; many data types, six MRI modalities but only one fMRI task
	Population

	ENIGMA
	Enhancing Neuroimaging Genetics through Meta Analysis
	(Adhikari et al., 2019; Thompson et al., 2014)
	~60,000 from various studies with genetic and neuroimaging data
	Multiple

	ABCD
	Adolescent Brain Cognitive Development Study
	(Casey et al., 2018)
	10,000 US adolescents, longitudinal, three fMRI tasks
	Development

	FCP & INDI
	1000 Functional Connectomes Project and the International Neuroimaging Data-sharing Initiative
	(Mennes et al., 2013)
	1,300+ (FCP), thousands (INDI); focused on resting-state fMRI
	Multiple

	ROS-
MAP (RM)
	Religious Orders Study and Rush Memory and Aging Project
	(Bennett et al., 2018)
	3,500, with omics and postmortem, multi-modal MRI including resting-state fMRI
	Dementia

	HCP & dHCP
	Human Connectome Project
	Somerville et al., 2018; Van Essen et al., 2013b)
	~2500 Healthy US adults + children; different MRI modalities and six fMRI task domains
	Healthy, development

	ABIDE
 I & II
	Autism Imaging Data Exchange 
	(Di Martino et al., 2014, 2017) 
	Multi-lab data sharing, ~2200 with ASD and controls; focused on resting-state fMRI
	ASD

	IMAGEN
	 IMAGEN
	(Schumann et al., 2010)
	2,000 adolescents, longitudinal; behavioral and neuropsychological measures, structural and functional MRI (three tasks)
	Development

	ADNI 1,2,3
	The Alzheimer’s Disease Neuroimaging Initiative
	(Jack et al., 2008)
	Multi-lab data sharing, ~1800 with Alzheimer’s, MCI, and controls; includes structural MRI, PET, clinical, cognitive, biochemical, and genetic data
	Dementia

	PPMI
	Parkinson’s Progression Markers Initiative
	(Marek et al., 2011)
	Aiming at ~4000; including clinical data, biologic samples, genetic data, structural and diffusion MRI
	Parkinson’s

	OASIS
	Open Access Series of Imaging Studies
	(Marcus et al., 2007)
	Thousands, including cross-sectional and longitudinal data, multiple MRI modalities (varies across sub projects, includes resting-state fMRI from OASIS 3 on)
	Dementia

	GSP
	Brain Genomics Superstruct Project
	(Holmes et al., 2015)
	1,570, some longitudinal; genetics, cognitive, personality, structural MRI and resting state fMRI
	Healthy

	IBC
	Individual Brain Charting
	(Pinho et al., 2018)
	12 participants, multiple tasks
	Limited

	MSC
	Midnight Scan Club
	(Gordon et al., 2017)
	10 participants, 12 two-hours long sessions from each, including multiple modalities and five and a half hours of task fMRI data across three different tasks
	Limited

	NSD
	Natural Scenes Dataset
	(Allen et al., 2022)
	8 participants, task data while viewing thousands of color natural scenes and performing a recognition task across 30-40 sessions
	Limited

	MC
	My Connectome
	(Poldrack et al., 2015)
	A single participant with data collected over 18 months including resting-state fMRI, memory tasks, and many other types of data (physiological, structural, physical health, gene expression, metabolism)
	Single participant
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Towards unifying theoretical frameworks
Achieving the goal of reproducible, replicable, and robust findings is a major cornerstone in the advancement of cognitive neuroscience. However, a collection of rigorous, true findings is not enough to lead us towards deciphering how the brain gives rise to human cognition. Scientific progress requires integration of findings into testable theories, and models, that organize and formalize previous knowledge and predict new findings. Psychological sciences may suffer from a “theory crisis”, manifested in weak connections between theories and their empirical tests, as well as underappreciation of computational modeling in theory building (Muthukrishna and Henrich, 2019; Oberauer and Lewandowsky, 2019). Likewise, in the field of cognitive neuroscience, several developments are needed to shift the focus towards integration and theory building. Here, we focus on two such developments: (1) Integrative empirical analyses and ontologies; and (2) Cognitive architectures and unifying principles, particularly those based on predictive coding.
[bookmark: _jjr0xseuiedu]Integrative empirical analyses and ontologies
More systematic reviews and meta-analyses are needed to better integrate existing knowledge in a specific research domain. Data sharing practices are already starting to improve meta-analyses by providing researchers with richer information to integrate over. Furthermore, as data sharing becomes more common, advanced meta-analytic methods are likely to be developed (Han and Park, 2019). In neuroimaging, for example, coordination-based meta-analyses have traditionally been the norm, but image-based meta-analyses (Salimi-Khorshidi et al., 2009) are now becoming more accessible as more and more researchers share their statistical brain maps via platforms such as NeuroVault (Gorgolewski et al., 2015).
In addition, cognitive neuroscientists should be expected to (and therefore trained to) formalize their theories prior testing (falsifying) them, preferably in the form of quantitative, testable computational models (Guest and Martin, 2021). This would require a higher level of formal statistical and computational training in the field (Neuromatch Academy (NMA), 2021) as well as a better alignment between theories, or hypotheses, and the empirical and statistical procedures they rely on (Yarkoni, 2020). Furthermore, even when researchers are using formal models, these are frequently not shared in a way that allows other researchers to test them. It is crucial that researchers provide the full details of their models, whether it is the formulations and algorithms, the code, or ways of applying pre-trained models to new data (Woo et al., 2017). Finally, a clearer distinction between confirmatory (theory-testing) and exploratory (discovery-oriented) research is needed. This is already happening with the growing use of pre-registration (Nosek et al., 2018). The framework for classifying studies outlined above is aligned with this need: The specification of exploratory and confirmatory goals is built into the classification system.
Notably, to facilitate successful integration of findings, it is crucial to have a common language (or ontologies, which are explicit specifications of concepts (Gruber, 1993)) to base theories on, as well as dedicated databases and tools based on such ontologies. Researchers need to understand what other researchers mean when they use a specific term, within and between different subdisciplines. Unfortunately, this is far from being the reality in cognitive neuroscience. The field’s reality is closer to the “Tower of Babel”, with different researchers speaking different “languages” and using different terms to describe similar phenomena, thus compromising the ability to integrate findings into a tower towards the truth. Novel informatics-driven big data approaches to brain-cognition mapping are particularly dependent on common annotations and integration tools (Poldrack and Yarkoni, 2016). 
Several attempts have been made to create a joint knowledge base or ontologies for cognitive neuroscience. For example, the BrainMap project aims to facilitate data mining, aggregation, and meta-analyses by providing annotated data of published human structural and functional neuroimaging studies along with their methods (sample size, modality, task, etc.) and the coordinate-based results (the location of the peak activation in standard space) (Fox and Lancaster, 2002; Fox et al., 2005; Laird et al., 2005). It includes software and tools for neuroimaging data sharing and has already yielded hundreds of publications. Importantly, it also developed a taxonomy for classifying studies in a space of cognitive, affective, sensory, and motor processes to facilitate aggregation and analysis. The Cognitive Paradigm Ontology (CogPo; Turner and Laird, 2012) is built upon the BrainMap taxonomy to categorize task paradigms based on the stimuli, instructions and response rather than the cognitive function they putatively measure, avoiding constructed and potentially heterogeneous categories like “working memory”.
Despite the enormous contributions of BrainMap and other similar projects to the field, they are limited because they depend on manual annotation of studies. NeuroSynth is a more recent tool that took a very different approach. It exchanged quality with quantity: Instead of high-quality but limited manual annotation of single studies, it relies on automated extraction of reported activations and semantic annotations from a large number of published studies  (Yarkoni et al., 2011). Analyses can be performed based on a flexible set of thousands of concepts used in the papers and semantic topics based on them (Poldrack and Yarkoni, 2016). Other recent approaches, like Neuroquery.org, build on this concept (Dockès et al., 2020). 
The Cognitive Atlas is a more systematic attempt to formally represent mental processes, and the cognitive tasks used to manipulate and measure them, in order to later map these processes to brain functions (Poldrack et al., 2011). It is built collaboratively by any interested researcher within cognitive neuroscience and related fields, and facilitates a more precise use of terms across the fields, better data mining of the published literature, metadata annotation, meta-analyses, and theory conceptualization and testing in general. 
These attempts to develop common terminology, data annotation, and literature aggregation tools have advanced the field and increased the ability to achieve scientific consensus and disseminate findings, as well as providing more rigorously defined hypotheses and targets for new studies. Yet, cognitive neuroscience is still closer to the “Tower of Babel” than to the vision of these tools, and much work is needed for a fundamental change (Hastings et al., 2014). It is also debated whether ontologies used to study the brain should be based on psychological concepts or neurobiological objects (Buzsáki, 2020; Poeppel and Adolfi, 2020). Recent initiatives, such as the Research Domain Criteria (RDoC) framework initiated by the National Institutes of Mental Health (NIH), aim to shift the classification of mental disorders from symptom-based to neuroscience-based ( Insel, 2014; Insel et al., 2010).
[bookmark: _au2z94iwmf2i]Cognitive architectures and unifying principles
Combination of highly specialized and isolated research areas without shared, formalized terminology creates a new, broader challenge: The need for unifying, integrative theories that relate various isolated research areas and findings together. Integrating different research areas into a unifying theory is extremely challenging, but it is arguably the most pressing challenge of cognitive neuroscience. Some early attempts to construct integrative cognitive architectures, for example the Soar architecture for general cognition (Newell, 1992, 1994), the Adaptive Control of Thought—Rational (ACT-R) cognitive architecture (Anderson et al., 1998) and the executive-process interactive control (EPIC) theoretical framework (Kieras, 2016; Meyer and Kieras, 1997), have not been used and developed nearly as widely as they might have been, although they continued to be developed to some extent (Anderson, 2009; Borst and Anderson, 2015; Laird, 2019). 
One reason for this may be because they did not provide a level of description compatible with the field’s understanding at the neural circuit level. Early neural networks (Rumelhart et al., 1994) were compatible with principles of neural function and information representation, but suffered from a lack of computational power to implement larger models and a lack of tools to interpret their function. Recently, the former limitations have been partially overcome with technological, methodological, and statistical developments. Indeed, neural networks and deep learning have become immensely popular, substantially advancing both basic cognitive neuroscience and applications such as artificial intelligence (AI) (Hasson et al., 2020; LeCun et al., 2015; Richards et al., 2019; Saxe et al., 2021). However, the second limitation remains. Neural networks and deep learning provide only a high-level description of how neural information representation might occur, but they are difficult to test, and to understand, and therefore lack explanatory power (though some researchers suggest that understanding how the brain develops and learns is a better goal than understanding the properties resulting from these processes (Lillicrap and Kording, 2019)).
Another important direction is the development of computational principles. Recently, the idea of predictive coding subsumes several broad concepts that have great current appeal: that instead of a stimulus-response machine, the brain has evolved to predict future events and select actions that minimize entropy (or, equivalently, surprise or prediction error) with respect to the organism, maximizing predictive control and thus future survival and wellbeing (Clark, 2013; Friston, 2010; Rao and Ballard, 1999). In essence, the theoretical framework is that the brain generates and optimizes internal mental models that predict sensory input and physiological states. These models are updated and optimized based on prediction errors–the difference between the predicted and the actual input. Top-down signals generated by internal models convey the predictions and bottom-up signals convey prediction errors (Bastos et al., 2012; Rao and Ballard, 1999). The minimization of prediction errors across hierarchical layers occurs either by updating the internal model or by action. In this framework, perception, decision-making, emotion, and action are a matter of quasi-optimal, quasi-Bayesian (or Bayesian) inference. Information representation is efficient, so that only deviations from predictions are passed forward to update internal mental models (Aitchison and Lengyel, 2017; Knill and Pouget, 2004).
The predictive coding theoretical framework revolutionized many research areas in cognitive neuroscience and beyond, and has the potential to integrate across areas. It already unifies perception (for example vision (Rao and Ballard, 1999), audition (Chennu et al., 2013), pain (Büchel et al., 2014; Song et al., 2021) and interoception (Barrett and Simmons, 2015), motor action (active inference; (Adams et al., 2013; Friston et al., 2010)), attention (Hohwy, 2012), emotions (Barrett, 2017; Seth, 2013), theory of mind (Koster-Hale and Saxe, 2013), mental health (Kaye and Krystal, 2020; Kube et al., 2020; Smith et al., 2021; Sterzer et al., 2018; Van de Cruys et al., 2014), and can also be related to structure and representational learning (or latent cause attribution; (Niv, 2019; Tenenbaum et al., 2011)) and other domains. 
Nonetheless, while predictive coding is computationally specific at the level of general information processing principles, it is underconstrained in terms of the neural mechanisms: what is represented where in the brain and how precisely it is coded (Kogo and Trengove, 2015; Kwisthout and van Rooij, 2020). It is also still not well integrated with learning theory, including reinforcement learning (K. Friston, 2018) and other types of learning and memory, although the prediction error idea is central to reinforcement learning (Schultz et al., 1997; Tobler et al., 2005). Like other integrative attempts, predictive coding has strengths and weaknesses, and the future will tell whether it will continue to grow as a unifying theoretical framework or be replaced with others. Whatever the future holds, it has undoubtedly advanced cognitive neuroscience, both within and across research areas, demonstrating the value of unifying, fundamental theoretical frameworks to the advancement of the field.
[bookmark: _t8as9qmi9gnc]Towards integrative brain models: From single regions to predictive models
In addition to new, integrative theoretical principles, the future of cognitive neuroscience lies in developing integrative, empirical models of brain organization and representation. Cognitive neuroscience aims to describe the neural mechanisms of cognition. The field has been predominantly focused on mapping specific cognitive processes to localized brain regions. This approach has deep historical roots, from phrenology, the localizationist view and the parcellation of the brain to sub-regions by Broadman and others in the 19th century. Traditional approaches in neuroimaging in particular are focused on localized regions and are based on analysis of isolated brain regions. In other words, they describe which brain regions encode specific types of mental functions. Indeed, prominent discoveries in cognitive neuroscience include the localization of specific mental processes, such as the fusiform face area (FFA) for face perception (Kanwisher et al., 1997), the hippocampus for memory (Squire, 1992), and the ventro-medial prefrontal cortex for value-based decision making (Chib et al., 2009; Levy and Glimcher, 2012). However, this approach has a fundamental problem: Individual brain regions are related to multiple cognitive and affective processes, and individual cognitive/affective processes are related to multiple regions. The efforts to understand what processes and types of information the ventro-medial prefrontal cortex (Delgado et al., 2016) or the insula (Chang et al., 2013; Kurth et al., 2010) represent, for example, nicely illustrate these issues. Therefore, it is problematic to reverse-infer mental functions from activations of single brain regions (Poldrack, 2011).
Recently, the field has been shifting focus towards integrated, multivariate, system-level predictive models of cognitive processes (Haynes, 2015; Kragel, Koban, et al., 2018; Norman et al., 2006; Poldrack and Farah, 2015). In neuroimaging, instead of using mental measures to explain (statistically relate to) brain activations, in a predictive mapping approach brain patterns are used to predict (or decode) mental outcomes. These analyses are largely based on computational approaches, particularly machine-learning tools, and have been facilitated by recent technological and computational developments, substantially reducing the required time and resources (Cohen et al., 2017). This paradigm shift in neuroimaging is also grounded on the theoretical shift in cellular neuroscience from the modular view of cognitive processes as modular, separately-implemented processes, to a distributed view of neural population coding and distributed representation (Averbeck et al., 2006; Ni et al., 2018; Pouget et al., 2000; Rigotti et al., 2013).
The predictive modeling approach develops brain models that predict specific mental functions or health-related outcomes. Predictive models can serve as biomarkers for these processes, and are much more likely to generalize to new populations compared to findings of the traditional region or voxel-based methods, because they are statistically measured on their ability to do so. Such models have been advancing knowledge across cognitive neuroscience research areas, for example object recognition (Haxby et al., 2011), memory (Harrison and Tong, 2009), pain (Wager et al., 2013; Woo and Wager, 2015), emotions (Kragel and LaBar, 2015), attention (Rosenberg et al., 2016), reinforcement signals (Vickery et al., 2011), and neurological and mental disorders (Arbabshirani et al., 2017; Fan et al., 2008; Hahn et al., 2015; Koutsouleris et al., 2009; Woo et al., 2017). In addition to integration across brain regions, predictive models can also integrate across measurements, such as functional and structural features, diffusion-based measures, connectivity patterns, neurochemistry, electrical signals, and more.
This approach is likely to continue to lead the way for cognitive neuroscience. However, to realize its promise, emphasis is needed on the ability of the predictive brain models to accurately predict completely independent data. Many studies with predictive modeling make claims of prediction although statistically they only establish correlation (Poldrack et al., 2020). Importantly, in order to establish their predictive power, models that are being trained on a dataset should be tested on new, completely independent data. If cross-validation is being performed, with the model tested on held-out data, all operations on the data including preprocessing and feature selection must be separately performed in each validation iteration, to ensure independence between the training and test sets. Since data from the same dataset are likely to be dependent, it is preferred that models will be trained and validated in a cross-validation procedure, and once a model has been selected and optimized, it can be tested on completely new data to establish predictivity, without additional optimization procedures (Kragel, Koban, et al., 2018).
Brain signatures, or neuromarkers, are a specific type of predictive model, aiming to use brain patterns to predict mental processes across participants (i.e., population-level models) (Gabrieli et al., 2015). It is crucial to evaluate the diagnostic value of such signatures: their ability to correctly identify true cases (sensitivity, or how robustly the measure is induced by the outcome) and correctly identify false cases (specificity, or how robustly the measure only responds to its outcome and not to other outcomes) (Kragel, Koban, et al., 2018; Woo et al., 2017). This is because a signature that was developed to predict a particular outcome (i.e., behavior) based on a specific type of data does not necessarily capture the behavior’s unique features. For example, signatures that aim to identify pain can in fact identify negative affect more generally, arousal, or other processes that co-occur with pain.  
Predictive performance characteristics of brain signatures are already becoming central to their evaluation, and are likely to become more common practice in the future as the methods develop. Such evaluation of diagnostic value can be part of the original study, but could also be done prospectively. New findings about which processes are predicted by the signature can gradually refine the definition of the construct it assumes to measure, just as science progresses gradually and theories are refined based on new observations. Prospective tests of brain signatures, or predictive models more broadly, require researchers to share their published models in a way that allows other researchers to apply them on new data. This is challenging in the current atmosphere in which, as was nicely stated more than a decade ago (Mischel, 2008), researchers in the field “treat other peoples’ theories [or in our case, models] like toothbrushes — no self-respecting person wants to use anyone else’s”. The field will have to overcome this tendency in order to work together towards integrative and useful models and theories.
A fundamental challenge is to ensure that the predictive models are indeed reflecting brain representations of mental processes, rather than confounding or contextual variables like head movement, eye movement patterns, or physiological noise. While such variables can contribute to the knowledge base (for example, it is valuable to learn that eye movement patterns predict the valence of visual information), they indicate that the model does not capture the neural representation of the mental process (Woo et al., 2017). One approach to mitigate this challenge is to test models on varying contexts, for example varying stimulus modalities (pictures, sounds) (Chikazoe et al., 2014; Wager et al., 2015) or integrating across multiple studies with different contexts when possible (Kragel, Kano, et al., 2018). Multi-lab consortia, as suggested above, lend themselves to this kind of generalization.
Another important aspect is the interpretability of predictive models. Interpable models can provide explanations for the outcome, beyond predicting it. Unlike activations in single brain regions, distributed patterns across voxels might be harder to interpret, particularly (but not only) when non-linear models are used (Haufe et al., 2014). A protocol for interpreting predictive models in neuroimaging was recently published (Kohoutová et al., 2020). One key idea is the ability to evaluate models’ sensitivity, specificity, and generalizability, defining the “boundary conditions” of the processes and tasks they relate to and those they do not. This is the process of construct validation (Cronbach and Meehl, 1955; Kragel et al., 2018). A second key idea is to develop models whose parts are interpretable and can be related to mechanistic literature in nonhuman animals and humans (pharmacology, brain stimulation, invasive neuronal recordings, optogenetic and chemogenetic manipulation of circuits, etc.). Models that are sparse (have few predictors) can help if the few predictive variables make sense (Grosenick et al., 2013). Another approach is using structure coefficients (or model encoding maps) to identify how individual brain voxels relate to a more integrative model (Čeko et al., 2022; Haufe et al., 2014). And finally, a third idea is to build integrative models up hierarchically from combinations of individual regions (Schrouff et al., 2013) or neural pathways (Kragel et al., 2021).
Paradigm shift from single regions and single measurement types to integrative and distributed predictive brain models holds promise for advancing cognitive neuroscience by systematically developing models that can represent, predict and explain cognitive outcomes. Continuous methodological and conceptual progress is likely to lead to more fundamental contributions to the fields that can potentially change the way cognitive neuroscientists think about specific cognitive processes, and the brain.
[bookmark: _9e6x6ah0rjg2]Summary and Conclusions
Studying how the brain gives rise to cognition is like solving an extremely challenging jigsaw puzzle. Until now, cognitive neuroscience has largely focused on producing more and more pieces of information, and putting them together in localized, specific, and frequently narrow research areas. Consequently, we constructed parts of the image, but are relatively far from connecting these isolated partial images together. Moreover, alarming findings about the reproducibility, replicability, reliability, generalizability, and validity of findings in cognitive neuroscience and related fields are suggesting that many of the puzzle pieces we are trying to put together do not belong in this puzzle. Since we have no idea what the final picture looks like, identifying such false positive findings is extremely hard. We suggest that to advance cognitive neuroscience towards integrative, robust, and valid knowledge and theories, we need to (1) improve our ability to identify true (reproducible, replicable, robust) pieces by balancing between theoretical ideals and practical constraints; (2) develop better and testable models and theories for sub-areas of the puzzle and how they all connect together to represent the broader picture; and (3) integrate across brain regions to build predictive models based on multivariate information that can accurately predict cognitive outcome. By doing so, the picture of the neural basis of cognition, as represented by the puzzle picture, will start to emerge.
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