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Background 

Education today is facing competing drives toward both standardization and personalization at 

unprecedented scale. Within the U.S., government-sponsored initiatives such as the College Scorecard 

and the Common Core State Standards seek to ensure consistency in educational expectations and 

quality across thousands of schools and affecting millions of students nationwide. Globally, massively 

open online courses (MOOCs) now regularly enroll tens and hundreds of thousands of students, creating 

new models of uniformity in educational experiences even as they challenge other conventions around 

access. 

At the other extreme, a profusion of personalized and adaptive learning environments offered by 

numerous commercial providers seek to tailor the educational experience to every individual. They 

promise customized paths designed around each student’s preferences, learning profile, and prior 

knowledge. By feeding fine-grained data into detailed machine-learning algorithms, they seek to 

discover and deliver the optimal selection and schedule of lessons, activities, or projects for each 

learner, with the goal of individualization epitomized in the very name of School of One.1 

The tension between these opposing trends toward normalization and differentiation reveals a need to 

better articulate when and how sameness and variability matter in education. Enforcing unnecessary 

standards squanders opportunity and dampens innovation, while allowing excess flexibility risks 

inconsistency and inefficiency. Amidst a landscape of changing needs and technologies enabling new 

paths, education and educators must adapt, in order to produce an educated populace that can itself 

adapt. This demands reexamining and clarifying the value of both standardization and personalization, 

to establish the appropriate balance between them. 

Standardization 

Determining where and when to standardize requires explicating how such standards would be used. 

Standards are valuable for maintaining consistency in communication and for ensuring quality in 

adhering to reasonable and useful expectations. Three key areas that may benefit from standardization 

are knowledge, data, and practices. 

                                                           
1 Tucker, B. (2011 Jun 16). My Visit to School of One (Part I) [Blog post]. Retrieved from 

http://www.quickanded.com/2011/06/my-visit-to-school-of-one-part-i.html  
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Knowledge. Developing standards for what constitutes knowing a given subject and what is 

required to learn it facilitates coordinating student placement within and across institutions. 

These standards need not be confined merely to factual or declarative knowledge, but can also 

address skills or procedural knowledge.2 In fact, articulating standards and goals for “soft” 

process skills such as inquiry, argumentation, critical thinking, and collaboration can clarify 

expectations and strengthen rigor in their instruction. 

By defining mastery and identifying prerequisites, such standards yield common expectations 

for entering and exiting from a program of study. This enables clear communication and a fair 

evaluation of the match between student and program. However, developing meaningful 

assessments of these standards requires balancing tensions between test validity and security, 

achieved through identicality, and assessment versatility, achieved through allowing variability. 

This suggests that higher education would benefit from establishing common expectations for 

what a competent graduate of a given program should know, similar to the efforts to develop 

Common Core State Standards at the K-12 level. On the other hand, adopting universal 

standardized testing carries great risks of demanding uniformity while disregarding local 

differences. 

Data. Standardizing how educational data are collected is essential for consistency in 

aggregating and comparing data across institutions. This includes specifying which data should 

be collected, as well as their formats. For example, divergent protocols for defining 

demographic data or enrollment status complicate efforts to evaluate institutional effectiveness 

in serving particular groups of students, such as mixed-race, part-time, or transfer students. 

Establishing a uniform database structure will also facilitate efforts to combine datasets from 

multiple sources, especially critical for longitudinal research examining student experiences 

across preschool, K-12 and post-secondary (P-20) institutions. The Common Education Data 

Standards initiative offers a consistent, nationwide model for organizing and representing 

information.3 

Practices. While standardized practices may also be useful for streamlining procedures, their 

adoption demands navigating tradeoffs between efficiency and flexibility, as well as between 

routine and innovation. Ease and economy of large-scale implementation must be balanced 

against the freedom to adapt to the needs of individual learners and to create new solutions to 

emerging challenges. Thus certain operational practices may be worth standardizing, whereas 

instructional practices may need more allowances for accommodating differences. 

New technology, both in the form of delivery mechanisms and in the form of algorithms and analytical 

techniques, opens new opportunities for resolving these tensions and tradeoffs, by improving access, 

analysis, and opportunities for intervention. 

                                                           
2 Anderson, J.R. (1981). Cognitive Skills and Their Acquisition. Hillsdale, NJ, Lawrence Erlbaum. 
3 Common Education Data Standards, https://ceds.ed.gov/  
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Improved access results as more devices, platforms, and software are developed for providing learning 

experiences. More data are collected from a greater number and variety of users in a broader range of 

domains, with increasing richness and precision. Better telecommunications infrastructure also 

increases access and usage. Ever-growing capacity for data storage encourages developers to collect and 

keep more data, with the expectation of subsequently making worthwhile discoveries about users’ 

learning habits. 

From that wealth of data, rapid advances in educational data mining, learning analytics, and cognitive 

modeling have enabled greater sophistication in measuring knowledge, as well as in finding meaningful 

relationships between learning processes and outcomes. Having better information about students’ 

status and progress renders the old markers of seat time and the credit hour obsolete, being imprecise 

proxies for measuring learning. 

With automated analytics yielding detailed knowledge of individual learners’ paths and needs, 

instructional technology enables tailoring recommendations and interventions at ever finer grain size. 

This can entail simultaneously delivering remediation to one student and enrichment to another, 

adjusting learners’ start and end points based on their prior knowledge and eventual goals, and allowing 

for different schedules and time allocations to suit individual availabilities. Modifications and 

accommodations that instructors may not have had the luxury of entertaining at large scale now 

become manageable to implement and evaluate for every student. 

Given these starting points for standardization, the following sections detail how to personalize 

assessment and instruction to better accommodate individual needs and develop learners’ potential. 

The definitions used here treat personalization as a superset of adaptivity, individualization, or 

differentiation.4 While adaptive systems modify the learning experience with changes that are driven by 

automated machine intelligence, personalized systems also incorporate changes that come from human 

intelligence, whether individual decisions or social interactions. 

Personalization in Assessment 

As noted above, standardization can support assessment by providing common expectations for 

determining placement upon entrance and for validating what someone knows upon exit. This enables 

communicating and calibrating among multiple expert yet potentially idiosyncratic judgments by 

individual teachers working with different populations, at different institutions, and in different 

contexts. Applying machine analysis can help streamline and support the process of developing course 

standards and competencies both within and across institutions, by identifying commonalities and 

patterns for further review by subject-matter experts. Mapping such standards to knowledge and skills 

in real demand would also assist students and employers in setting their expectations for a given 

program of study. 

                                                           
4 This is similar to the definitions of personalized learning, adaptive learning, individualized learning, and 

differentiated learning offered by EdSurge (see https://www.edsurge.com/personalized-learning#/default). A key 

area of difference is that I do not argue that personalized learning is necessarily more sophisticated or effective 

than adaptive learning, merely broader. While personalization has the potential to deliver superior outcomes, that 

depends on the quality of its execution. 
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Assess knowledge, not time 

With coherent and consistent standards for assessing knowledge, evaluation metrics need no longer 

focus on completion of an arbitrary program or time spent in pursuit of such. As many question the 

meaning of a college degree, we increasingly need a common language or currency by which to convey 

the value of knowledge. The focus should be on what students have learned, not simply whether they 

have finished a particular obstacle course. Especially considering that employers often look for people 

with particular knowledge, skills, and even just general ability to learn rather than graduates of specific 

programs, developing better methods for validating and conveying that knowledge assumes greater 

priority. 

In place of degrees and credits, numerous alternatives have emerged that seek to measure knowledge 

rather than time, often in more modular units: certificates, competencies, badges, and portfolios.5 Prior-

learning assessments also enable students to obtain formal recognition for knowledge gained outside of 

traditional educational settings.6 Tracking time is still relevant for summative purposes, such as 

measuring return on investment and efficiency. However, in framing progress as a ratio compared 

against some expectation (e.g., success per unit time), such metrics should let the denominator vary, 

rather than assuming that everyone must complete the same route within the same length of time. 

Personalizing assessment: Knowledge 

Where personalization becomes critical is in assessing learners’ different endpoints, entry points, and 

paths. First, students’ goals, interests, and desired knowledge states vary. In a society that depends 

upon diversity and specialization, not everyone needs to possess the exact same body of knowledge. 

Further, given the rapidly-changing needs of the labor market, learning goals will also change across 

time. Thus, assessment must be able to measure attainment of and progress toward these different 

endpoints. 

Second, students may enter the same educational experiences from different starting points, whether or 

not those experiences utilize some form of homogeneous grouping by knowledge or ability. This is not 

just a matter of some students knowing more than others, but of having qualitatively different 

knowledge. Given the important influence of prior knowledge in affecting learning7, providing 

instruction that appropriately accommodates and capitalizes upon those differences requires 

developing and administering assessments that can measure them effectively. Thus, assessments must 

vary in order to adequately capture students’ different initial knowledge. 

                                                           
5 Laitinen, A. (2012). Cracking the Credit Hour. New America Foundation. Retrieved from 

http://higheredwatch.newamerica.net/sites/newamerica.net/files/policydocs/Cracking_the_Credit_Hour_Sept5_0

.pdf  
6 The Center for Adult and Experiential Learning. (2010). Fueling the Race to Postsecondary Success: A 48-

Institution Study of Prior Learning Assessment and Adult Student Outcomes. Retrieved from 

http://www.cael.org/pdfs/PLA_Fueling-the-Race  
7 Bransford, J.D., Brown, A.L., & Cocking, R.R. (1999). Learning and Transfer (Ch. 3). In How People Learn: Brain, 

Mind, Experience, and School (pp.39-66). Washington, DC: National Academy Press. 
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Third, students may follow a wide variety of possible learning paths even between the same entry and 

exit points. Different course materials, instructors, and classmates provide one category of obvious 

variability. More fundamentally, even within the same class, paths may vary depending on factors such 

as the errors made, speed of progress, and sequence of knowledge acquisition and skill development, all 

of which constitute valuable formative assessment information to help both student and instructor 

adapt accordingly. Thus, assessment should be personalized along multiple dimensions, to 

accommodate differences among students, instructors, classes, materials, and paths in order to provide 

useful information about students’ knowledge throughout their learning experiences. 

Personalizing assessment: Resources, context, audience, products 

Personalization of assessment also helps by accounting for other differences surrounding the 

assessments. While standardized tests stipulate narrow controls over testing environments and 

proctoring, inconsistencies and irregularities in test administration challenge assumptions of identicality 

and comparability.8 Another criticism is that testing students in the absence of supporting resources, 

sometimes described as sequestered problem-solving9, is not an authentic measure of learning. By 

providing and measuring resources for students to use when solving problems, adaptive testing 

explicitly accounts for this variability when formulating assessment metrics10. While the traditional 

psychometric approach utilizes norm-referenced testing, which focuses on discriminating between 

students, criterion-referenced testing seeks to illuminate whether a student has mastered some critical 

concept or skill.11 In addition to varying the question posed, some adaptive approaches also vary the 

level and type of support provided.12 Assessing what people are able to achieve with modest help, or 

assessing the amount of help needed to achieve a goal, provides a richer and more differentiated 

picture of their learning. 

An additional benefit of personalization is allowing for within-person variability. Rather than assuming 

that all assessments capture the test-takers at equally representative moments, taking multiple 

measurements across different times and contexts offers a broader perspective and fairer comparison 

of what they know and can do. 

                                                           
8 For example, consider: http://www.nytimes.com/2013/04/03/education/atlanta-cheating-scandal-reignites-

testing-debate.html . 
9 Schwartz, D.L., Sears, D., Bransford, J.D. (2005). Efficiency and Innovation in Transfer. In J. Mestre (Ed.), Transfer 

of Learning from a Modern Multidisciplinary Perspective (pp. 1–51). Greenwich, CT: Information Age. 
10 Way, W.D., Twing, J.S., Camara, W., Sweeney, K., Lazer, S., & Mazzeo, J. (2010). Some Considerations Related to 

the Use of Adaptive Testing for the Common Core Assessments. Educational Testing Services, Pearson, 

CollegeBoard. Retrieved from http://www.pearsonassessments.com/NR/rdonlyres/76E049D3-2226-472C-96C2-

226AE2D9E396/0/TMRS_WP_CAT_Paper_common_core_110310.pdf  
11 Bond, L.A. (1996). Norm- and criterion-referenced testing. Practical Assessment, Research & Evaluation, 5(2). 

Retrieved from http://PAREonline.net/getvn.asp?v=5&n=2 . 
12 e.g., Feng, M., Heffernan, N.T., & Koedinger, K.R. (2009). Addressing the assessment challenge in an Intelligent 

Tutoring System that tutors as it assesses. Journal of User Modeling and User-Adapted Interaction, 19, 243-266. 
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Assessments also differ in their intended use and audience.13 This highlights another dimension of 

personalization, which is to tailor the presentation of assessment information to the needs of the 

stakeholders interpreting it. These differences go beyond the simple distinction between formative 

assessment, aimed at learners and instructors, and summative assessment, aimed at administrators, 

employers and the general public.14 Personalization has the capacity to respond to and anticipate 

differences within those target groups in their use of assessment data. How to present assessment 

information to learners and instructors may vary depending on their preferences and abilities for 

interpreting and responding to such information. The depiction of the data may vary, along with the 

nature and style of feedback, as well as the specific recommendations accompanying the data. 

While many profess a great appetite for “actionable data,” what constitutes worthwhile action and 

information may differ greatly between people. In some cases, these factors may be adapted based on 

evaluations of users’ actual behaviors (e.g., a learner who disengages after seeing comparisons against 

peers). In other cases, users may have access to better information or more sophisticated responses 

than the adaptive system, and an appropriately personalized system would allow them to choose their 

action based on that information. Examples include a learner getting distracted upon trying to interpret 

very-frequent feedback (with the system being unable to distinguish loss of focus from productive, 

intent concentration), or an instructor recognizing when personal contact would help. Personalization 

builds in opportunities for human intervention to take over when the machine-intelligent adaptive 

system is less suited for the task. 

Perhaps most fundamentally, teachers assign and students produce a wide diversity of artifacts 

throughout the instruction and learning process. Personalizing assessment to interpret the full range of 

work can offer valuable insights into students’ knowledge and instructors’ practices, far beyond the 

constraints of closed-form tests.  

Unstructured assessment. The tremendous variability along these many dimensions reveals a need for 

better assessment methods that can accommodate and make sense out of that variability, rather than 

trying to limit and control it. At present, the standardized testing culture creates great inequities and 

inefficiencies in the education system, requiring students and instructors to conform to the same mold 

regardless of actual circumstance, and neglecting multiple rich sources of assessment data while 

scrutinizing a single snapshot. Many assessments are developed according to a carefully designed 

framework and format to ensure comparability against standards and between students. At the same 

time that such an approach is invaluable for certifying test validity, its application is feasible for only a 

limited range of assessments. In contrast, unstructured assessment does not presuppose any specific 

organization for the prompts or the responses, taking in the information as it comes. As such, it serves 

as a particularly promising tool for drawing useful information out of a broad variety of learning 

experiences. 

                                                           
13 Pellegrino, J.W., Chudowsky, N., & Glaser, R. (2001). Assessment in Practice (Ch. 6). In Knowing What Students 

Know: The Science and Design of Educational Assessment (pp. 221-260). Washington, DC: National Academy Press. 
14 Black, P., & Wiliam, D. (1998). Assessment and classroom learning. Assessment in Education: Principles, Policy & 

Practice 5 (1). 
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The power of unstructured assessment derives from advances in artificial intelligence techniques that 

reveal correlational and hierarchical patterns in a large corpus of data. This approach yields a model—a 

language—for understanding any domain, regardless of whether the medium for communication is 

words, images, actions, or some combination thereof. One common application of this in text mining is 

known as topic modeling, which can elucidate the semantic content of text by analyzing word co-

occurrence to identify topics, or lists of words, that explain those co-occurrence patterns.15 Recent 

research which my collaborators and I have done through Nexus has applied topic modeling to 

discussion forum posts to reveal discourse patterns associated with effective discussion16, to predict 

final course grades17, and to visualize characteristics of posts by grades and course structure18. As these 

findings reveal, machine learning techniques can extract subtle insights about the semantic and even 

the social content of students’ learning experiences, and validate them against conventionally accepted 

assessment metrics. Other possible applications include discovering unusual ideas worthy of further 

probing by an expert instructor, whether for misconceptions to correct or for novel insights to explore. 

Further development of this research has the potential for illuminating a great depth and range of 

information about student knowledge from existing work. 

The volume of data generated in educational settings constitute a rich yet relatively untapped resource 

for transforming assessment at a large scale. Capitalizing on techniques for interpreting unstructured 

data can enable ongoing assessment from the constant stream of student products, yielding more up-to-

date and detailed information about students’ progress and needs. Armed with more nuanced and 

timely understanding of their students’ thinking, instructors can be more efficient and effective in 

providing meaningful feedback and adapting instruction to their students. This also gives them more 

freedom to choose the learning and assessment experiences which they believe will be most beneficial, 

rather than requiring them to interrupt or modify their instruction to administer a test that only partially 

maps on to their students’ needs. 

Unstructured assessment also holds potential for supporting more long-term reform, such as advancing 

competency-based education or aligning program outcomes with prospective employers’ needs, due to 

having better information on what students know. Applying these analytical techniques to data from a 

range of students, job seekers, and successful (and unsuccessful) hires can reveal patterns associated 

with particular outcomes, whether to identify promising candidates or to intervene with help. 

                                                           
15 Blei, D., Griffiths, T. & Jordan, M. (2010). The nested Chinese restaurant process and Bayesian nonparametric 

inference of topic hierarchies. Journal of the Association for Computing Machinery, 57(2), 1-30. 
16 Ming, N.C., & Baumer, E.P.S. (2011). Using text mining to characterize online discussion facilitation. Journal of 

Asynchronous Learning Networks, 15(2). 
17 Ming, N.C., & Ming, V.L. (2012, September). Automated predictive assessment from unstructured student 

writing. Paper presented at the First International Conference on Data Analytics, Barcelona, Spain. 
18 Ming, N.C., & Ming, V.L. (2013, June). Visualizing Topics, Time, and Grades in Online Class Discussions. Paper 

presented at the 10th International Conference on Computer Supported Collaborative Learning (CSCL). Madison, 

WI. 
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Personalization in Instruction 

The capacity for personalizing instruction goes beyond accommodating different entry and exit points, 

demonstrating particular value in enabling learners to follow and forge different paths. As described 

above, personalization can occur along two dimensions. Modifications made purely through the actions 

of a machine-intelligent system, in the form of adaptive learning, are described in the first section 

below. Approaches that include interventions by human intelligence will be described in the second 

section as personalized learning. 

Adaptive learning 

Adaptive learning systems offer one possible solution to help guide learners from diverse starting 

positions to diverse goals via diverse paths. Accommodating different prior knowledge and different 

learning goals is straightforward in both value and implementation; facilitating different paths deserves 

closer attention.  

Premises of adaptive learning. The value of using adaptive learning to tailor individual paths is 

predicated upon four premises: 

1. Some learning experiences are more effective than others. 

2. The effectiveness of some learning experiences depends on individual characteristics. 

3. The effectiveness of some learning experiences can be predicted in advance. 

4. It is in the student’s and society’s best interest to deliver those more-effective learning 

experiences. 

The first premise is uncontroversial; otherwise, curricular and instructional decisions would be moot. 

Some estimate the benefits of tailoring instruction to the individual to be as large as two standard 

deviations.19 

The second premise merely states the reality of individual differences affecting learning, often classified 

as aptitude-treatment interactions even if the treatment interacts with characteristics beyond just 

aptitude.20 The question is how large these interactions are compared to simple main effects.  

The design of the instruction in the Open Learning Initiative exemplifies the benefits that can be 

obtained by focusing on main effects, drawing upon key design principles such as ongoing formative 

assessment and timely, specific feedback.21 Provided for all learners, these features are conditioned 

upon performance rather than profiles of demographic characteristics, motivation, preference, or 

personality. From a scientific perspective, a good model should account for the statistical cost of adding 

                                                           
19 Bloom, B.S. (1984). The 2 Sigma Problem: The Search for Methods of Group Instruction as Effective as One-to-

One Tutoring, Educational Researcher, 13(6), 4-16. 
20 Cronbach, L. & Snow, R. (1977). Aptitudes and Instructional Methods: A Handbook for Research on Interactions. 

New York: Irvington. 
21 Thille, C. & Smith, J. (2010). Learning Unbound: Disrupting the Baumol/Bowen Effect in Higher Education. Futures 

Forum, American Council on Education. Retrieved from http://oli.cmu.edu/wp-oli/wp-

content/uploads/2012/05/Thille_2010_Learning_Unbound.pdf  
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more variables. Similar parsimony should be considered when designing models for instructional 

application, in light of the practical difficulty and cost of adapting instruction along so many 

dimensions.22  

The third premise captures the challenges of the scientific enterprise in trying to identify and measure 

these interactions reliably. Without documented impact, complicating instructional design with extra 

conditions and contingencies is hard to justify. This depends on prior results as well as the data 

available. Being able to implement such customization requires collecting sufficient prior information 

about students, who must then be willing to grant access to such information and to spend the time 

providing it through surveys and other instruments. Learning scientists must not only propose variables 

worth collecting for potential interactions, but also develop suitable measures for doing so. For 

example, physiological measures of affect, stress, and engagement may be nearly impossible to collect 

remotely, while survey measures of metacognition and motivation may be too tedious for students to 

bother completing. Developing behavioral correlates easily detectable in usage patterns adds to the 

burden of work whose expense must be justified by ever larger expectations of payoff. 

The fourth premise raises the question of whether students and society benefit from customization. The 

economic importance of quantifying their effect sizes and costs, as well as those of their alternatives, is 

one obvious concern. Another is the subtlety of defining “more effective”, to avoid the risk that 

optimizing along one constraint inadvertently worsens outcomes along another constraint. Perhaps 

most serious is the claim that being too accommodating deprives students of key learning opportunities 

that come from facing challenge and even adversity, as encapsulated in a critique by James Paul Gee23. 

While I agree with the dangers of what he describes, I question the causal attribution. First, adaptive 

learning systems that indulge in too much customization may instead be guilty of relying on a too-

narrow prescription for the student’s zone of proximal development (ZPD).24 Individualized learning does 

not require giving only incremental steps; it can (and should) include more ambitious steps to 

occasionally challenge students, perhaps just beyond their conventional ZPD (or at the limits of their ZPD 

when defined by “lots of help”). Students need to struggle—manageably—as part of their learning. 

Adapting to students’ needs can include optimizing the nature and amount of that struggle based on 

past experiences and future expectations. 

Second, this can also be overcome by building a certain amount of variability into the system, for the 

sake of both the students and the system. Occasionally presenting students with problems that may or 

may not lie within their ZPD can help them learn how to adapt to unexpected and unfamiliar situations. 

                                                           
22 Self, J. (1990). Bypassing the intractable problem of student modeling. AAI/AI-ED Technical Report No.41. 

In C. Frasson and G. Gauthier (eds.), Intelligent Tutoring Systems: At the Crossroads of Artificial Intelligence and 

Education, (pp. 107-23). Norwood, N.J.: Ablex. 
23 Gee, J.P. (2013, January 16).  The Problem With the School of One. Slate. Retrieved from 

http://www.slate.com/articles/technology/future_tense/2013/01/school_of_one_the_danger_of_overcustomizin

g_education_for_students.single.html 
24 Vygotsky, L. S. (1978). Mind in society: The development of higher psychological processes. Cambridge, MA: 

Harvard University Press. 
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Whether framed as preparation for future learning25, germane cognitive load26, productive struggle27, 

desirable difficulties28, or the development of adaptive expertise rather than just routine expertise29, 

unexpected challenges can offer invaluable learning opportunities. Further, adaptive learning systems 

need to reach beyond what is already known in order to improve themselves. A truly intelligent system 

should be discovering new knowledge about its particular learners and even about learning in general. 

The possible paths a student might take are infinite, and the system’s designers may not know what is 

best—only what tends to be better compared to other paths that have already been examined. That is, 

adaptive learning must itself be an adaptive learner. 

Dimensions of adaptivity. A key challenge in designing adaptive learning systems then is to determine 

which dimensions are worth adapting on, and which are not. Most fundamental is to identify which 

knowledge is truly prerequisite, and which is merely convention. While the former should conform to 

the standards developed for that body of knowledge, the latter need not stay constant if it constrains 

better and broader learning opportunities. At the other end are factors that demand flexibility, whether 

due to logistics (e.g., scheduling) or principle (e.g., scaffolding), and should be allowed to vary depending 

on learners’ needs. In between are a multitude of features that could vary, but whose cost-benefit 

analyses remain ambiguous in the absence of better data. Deciding whether to experiment with these 

variables demands thoughtful planning and insight. 

As an example, some adaptive learning platforms may tweak parameters such as demographic profiles 

or usage statistics (e.g., time of day, which resource was accessed, how long it was used) to set decisions 

about instructional delivery. Such data are readily available, but their correlation with learning outcomes 

may be rather weak, compared to other interventions not considered or not assessed. Adapting along 

too many of these dimensions can introduce noise in the system that may hinder later and more 

worthwhile discoveries. 

At the other extreme, adaptive learning platforms may construct elaborate decision trees around 

meticulously designed assessment questions where each answer choice diagnoses a different error and 

prescribes a different remedy. As sophisticated and powerful as they may be in both accuracy and 

precision, such systems are very expensive to research, design, and build. Adding even more complexity 

through fine-tuning adaptations to fluctuating levels of motivation and engagement, local context, and 

social dynamics can increase engineering costs substantially. 

                                                           
25 Bransford, J. D., & Schwartz, D. L. (1999). Rethinking transfer: A simple proposal with multiple implications. In A. 

Iran-Nejad & P. D. Pearson (Eds.), Review of Research in Education (Vol. 24, pp. 61–100). Washington, DC: 

American Educational Research Association. 
26 van Merriënboer, J.J.G., & Ayres, P. (2005). Research on Cognitive Load Theory and Its Design Implications for E-

Learning. Educational Technology Research and Development, 53(3), 5-13. 
27 Hiebert, J., & Grouws, D.A. (2007). The effects of classroom mathematics teaching on students’ learning. In J. 

Frank K. Lester (Ed.), Second Handbook of Research on Mathematics Teaching and Learning (pp. 371-404). 

Charlotte: Information Age Publishing. 
28 Bjork, E.L., & Bjork, R.A. (2011). Making things hard on yourself, but in a good way: Creating desirable difficulties 

to enhance learning. In Psychology and the real world: Essays illustrating fundamental contributions to society, (pp. 

56-64). New York, NY: Worth Publishers.  
29 Hatano, G., & Inagaki, K. (1986). Two courses of expertise. In H. Stevenson, H. Azuma, & K. Hakuta (Eds.), Child 

development and education in Japan (pp. 262–272). New York: Freeman. 
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Any finding which shows variability in student outcomes suggests a potentially relevant parameter of 

difference. As already suggested, possible candidates include prior knowledge, rate of progress, patterns 

of errors, extent and nature of scaffolding, response to feedback, self-regulation skill, motivational 

profile, affective state, demographics, social network, group dynamics, and interaction norms. Yet 

honing in on the parameters with the greatest impact should consult research across a broad range of 

disciplines, considering not just cognitive, social, and affective factors, but economic, sociological, and 

structural factors as well.  

In light of estimates that out-of-school factors exert twice the impact of in-school factors on student 

achievement30, any efforts to redesign education should contemplate how their innovations may 

interact with factors traditionally considered “out of bounds.” Adaptive technology has the potential to 

lessen the disruptions caused by geographic mobility, school transfers, and unstable work schedules. 

One avenue is through aligning standards across programs and institutions while allowing the specific 

curricular content and learning experiences to change. Also, just as competency-based education 

creates more flexible options tailored to students’ needs, adapting course timelines to different 

schedules can facilitate balancing school with other work / life demands. These modifications are not 

very technically complex, yet may hold promise for opening up doors for many students.  

Personalized learning 

While adaptive learning focuses on machine-delivered instructional changes, personalized learning takes 

an extra step beyond by making the experience personal, through relating to the learner as a person and 

creating connections to other people in the ecosystem. Personalized learning broadens the learning 

experience by deliberately including a diversity of people and approaches to support community-

building and innovation. 

Human intelligence. Respecting the learner (and the instructor) as an intelligent person entails adding 

allowances for user input to influence decision-making. Sometimes the user just knows what s/he 

prefers. Sometimes the research base may not be sufficiently developed to make strong predictions 

about what to do next, or the data are too difficult or expensive to collect and analyze. Where 

instructors have the appropriate information and means to enact their own professional judgment, the 

adaptive system should defer to their expertise. Such freedom in deciding which activities will work best 

for their students given their particular contexts and constraints allows instructors to personalize the 

experience to match their students’ needs as well as their own strengths. 

Personalized learning systems need to identify when to allocate decisions to teachers (possibly with 

recommendations among which to choose) and when to adapt the students’ learning experience 

immediately, without need for waiting for additional human input. While this depends in part on the 

professional knowledge of the instructors implementing the system, some decisions may be 

straightforward or simple enough to automate. Decisions best left to expert human intervention are 

                                                           
30 Rothstein, R. (2010). How to Fix Our Schools. Issue Brief #286, Retrieved from Economic Policy Institute website: 

www.epi.org/publication/ib286/  
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likely to be more complex, to depend on more contingencies, to require interpersonal contact, or to 

have more uncertainty in their effectiveness. 

Human action. There are times when the simple act of choosing boosts engagement, interest, and 

subsequently learning, even if neither option was inherently superior. More meaningfully, people 

respond to other people somewhat differently than they respond to nonhuman agents, sometimes to 

the benefit of their learning and sometimes not.31 Designing around these differences can harness 

human input more productively. 

Human interaction. The need to create community for effective learning environments is particularly 

relevant to designing personalized learning systems. The current excitement about computer-delivered 

personalized learning also embeds in it the assumption that it is possible to deliver all of these 

customized, slightly idealized experiences to many different individuals at the same time. One approach 

is essentially one-on-one tutoring, where each student is in a unique class. Another approach is 

clustering, where students are placed into profiles or “buckets” and then given the experiences found to 

work well for their profile. Both suffer from too much individualization and too little communal 

interaction with others who are different from themselves. 

Yet instruction need not be self-paced to the point of isolation to meet individual meets. Not all 

dimensions are best served through identicality or similarity; differences can often be illuminating and 

broadening. Categorizing people by profile necessarily assumes some tolerance for variability from the 

norm for that profile. That variability may be put to better use through acknowledging it rather than 

trying to average it away, creating cohorts where students are chosen for their differences so that they 

can learn from them. 

More thoughtful cohorting designs should explicitly articulate which dimensions should be the same and 

which should be different among cohort members, to foster productive learning communities. For 

example, a certain amount of shared experience or common ground is valuable for learning.32 

Participants may also benefit from a shared sense of identity and common humanity, as well as an 

expectation of continued interaction with the group, for social accountability. These factors suggest the 

need for placing some constraints on scheduling to promote enduring and stable cohort formation, 

rather than allowing everyone to set his own schedule independently. Institutions could provide limited 

choices for term length (e.g., five weeks, four months, six months), for synchronous interaction (e.g., 

timing of deadlines and projects, time zone ranges for special “live” events), and for frequency of 

interaction (e.g., number of interactions expected per week). Including some constraints around time 

thus allows participants to develop meaningful relationships with each other around course content and 

experiences. 

                                                           
31 Baylor, A.L., & Kim, Y. (2005). Simulating instructional roles through pedagogical agents, International Journal of 

Artificial Intelligence in Education, 15(2), 95-115. 
32 Clark, H. H. (1985). Language use and language users. In G. Lindzey & E. Aronson (Eds.), Handbook of social 

psychology (3rd ed., pp. 179-231). New York: Harper and Row. 
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Prior knowledge is another area where certain minimum expectations for common ground make sense, 

insofar as ensuring that all students have mastered the appropriate prerequisites. Likewise, setting 

ranges for the expected rate of learning which the course is designed to support can enable realistic 

expectations to match students with resources. However, students need not all come from the same 

backgrounds, start at the exact same level, or share the same eventual degree or career aspirations in 

order to learn productively together. Recognizing the natural variability that students may bring to a 

group can enhance the value of individual contributions and peer-to-peer interaction, if those 

differences can be harnessed without challenging cohesion or communication. 33 Relevant design 

considerations may entail limiting the range and distribution of variability to manageable levels, 

avoiding extreme majority-minority dynamics that may be polarizing or alienating, and incorporating 

explicit scaffolding to promote effective communication and collaboration. Schools-within-schools and 

other models of community formation may help facilitate productive interaction.34 

Cost-benefit analyses 

Costs of personalization. The costs of personalizing assessment and the learning environment are 

relatively straightforward to consider, focusing primarily on systemic issues of research and 

development. By its nature, investigating and designing so many different possibilities in individualized 

tutoring can be very expensive and time-consuming. Before programming multiple contingencies or 

incorporating extensive resources into any personalized learning approach, we need to evaluate the 

likely payoff of such efforts.  

The research support for adaptive learning itself points out limitations, sometimes revealing situations in 

which a simple main effect outperformed the more-complex interactions programmed into the 

intelligent tutoring system. While large-scale data mining techniques can accelerate the analyses in 

some ways, planning the factors to manipulate and appropriately instrumenting the relevant variables 

for any results to be meaningful still requires considerable investment. 

Implementing personalized learning may incur additional costs to the individual learner or to the 

institution. As mentioned, tailoring the learning content and process to each student separately may 

make the experience more isolating. Trying to avoid this risk complicates the process of creating cohorts 

and communities, which may demand that institutions revamp their infrastructure around scheduling, 

facilities, and personnel in order to accommodate new models. 

Costs of failing to personalize. On the other side of the coin, the costs of failing to personalize 

assessment and learning reside in a combination of systemic and individual opportunity costs that may 

require deeper examination to unearth. 

                                                           
33 For a review of some relevant research on how diversity affects group cohesion, collaboration, and productivity, 

see: Page, S.E. (2007). The Difference: How the Power of Diversity Creates Better Groups, Firms, Schools, and 

Societies. Princeton University Press. 
34 Tinto, V. (2003). Learning Better Together: The Impact of Learning Communities on Student Success. In 

Promoting Student Success in College, Higher Education Monograph Series (pp. 1-8). Syracuse, NY: Syracuse 

University. 
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Assessment. Current assessment metrics are too generic and imprecise to provide meaningful 

information about students’ knowledge to their stakeholders. Workplaces lack useful knowledge about 

what their prospective employees know, relying on credentials, institutional reputation, and references 

as a rough proxy. Needing more reliable information, they devise lengthy and complex interview 

processes to fill in the gaps, try out candidates on a temporary basis before committing to a hiring 

decision, or waste resources undergoing multiple hiring-firing cycles for the same position. This results in 

inefficiency and instability for employers and employees alike, not to mention the economy more 

broadly. 

Schools likewise lack sufficient knowledge to guide admissions and placement decisions. High-reputation 

institutions err on the side of caution and require students to retake courses. Beneficial though the 

relearning may be, the unnecessary repetition of part of the material constitutes a lost opportunity to 

pursue new learning. Such undermatching at the institutional rather than the course level is even more 

serious, with students accepting degrees in programs that fail to develop or reflect their actual 

potential.35 

At the other end of the spectrum, students who have overmatched at courses and institutions beyond 

their preparation level are at greater risk of drop-out. With learning gains that stopped just short of 

qualifying for certification, they have little concrete documentation of success to show for their efforts, 

other than a potentially hefty investment of resources. Institutions also incur an opportunity cost from 

resources which they could have invested in other students who were a better fit.  

These same issues are replayed on the individual level. Confronted with poor-quality assessment 

metrics, students and job candidates lack the knowledge and tools to self-place accurately, to market 

themselves successfully, and to establish effective learning and professional development trajectories 

for themselves. Not only are they handicapped in certifying what they know, but they also are 

disadvantaged in identifying what they need to know to meet their future goals. 

Personalized assessment addresses these issues by obtaining more precise measures of student 

knowledge, in less time, with less intrusiveness, and with more varied and more useful contexts. 

Assessment is inherently probabilistic; collecting multiple measures helps to smooth out the noise. 

Relying on a small number of high-stakes tests exaggerates their impact, thereby distorting their ability 

to reflect honest appraisals. Those with resource advantages will invest more in boosting those 

outcomes. In contrast, frequent, ongoing assessment becomes nearly impossible to game, since the 

learning experiences are the assessment experiences.  

Greater variability in assessment further improves its accuracy by weakening the biases of a few overly 

influential measurement methods. Individualization offers better information, while uniformity hides it. 

This also allows for a more authentic match to the natural variability of the real-world environments in 

which people will need to demonstrate and apply their skills. Agile assessment that can adapt to 

different demands is necessary to keep up with the pace of change in today’s workforce. 

                                                           
35 Dillon, E.W., & Smith, J.A. (2013). The Determinants of Mismatch Between Students and Colleges (Working Paper 

No. 19286). Retrieved from National Bureau of Economic Research website: http://www.nber.org/papers/w19286 
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Learning. The consequences of undermatching and overmatching also turn up as supply-side rather than 

demand-side issues, when available learning opportunities are too coarse-grained and poorly adapted to 

students’ actual needs. Knowing a student’s prior knowledge is insufficient if the institution fails to 

provide appropriate learning experiences to develop that knowledge. 

Much like undermatching, the redundancy that results from inflexible or misaligned coursework can 

drain time and resources without advancing students’ learning. This can be particularly problematic for 

returning and transfer students, who may have to restart courses and programs from the beginning 

rather than where they left off, or who could relearn forgotten material at accelerated pace rather than 

at a beginner’s pace. Even at the tail end of a course, extra demands that do not align with students’ 

needs hinder them from finishing and earning recognition of their knowledge. Whereas such students 

have the potential to complete their degrees quickly and thus represent excellent prospects for 

additional educational investment, these obstacles operate as material and psychological disincentives 

to their return. Modularizing coursework with more frequent, validated entry and exit points allows 

students to focus on their specific goals without wasted time. 

Similar to overmatching, insufficient learning supports can frustrate and impede the progress of 

students who otherwise could succeed. Whether due to a background that was weak in some area, 

scheduling conflicts with external work and life demands, language or processing issues, or simply 

needing more time to grasp the material, having to keep pace with someone else’s agenda can derail a 

student. In some cases, all that is needed is time; in other cases, the student may need more direct help, 

different materials and experiences, or alternate methods. Failure to provide those additional resources 

translates to losses on the original investment. 

For the student, losses appear in the unrealized learning potential and the opportunity cost of an 

alternate program or foregone employment. For the institution, losses take the form of resources spent 

in providing help or instruction not actually needed by its students, as well as unrealized gains and sunk 

costs from investments too small to document gains. All this is beside the obvious financial burden 

borne by everyone to sustain these programs. 

The broader opportunity cost to society of offering “one-size-fits-all” instruction is the undeveloped 

potential of its citizenry. Given a workforce that is poorly prepared for real-world needs, employers are 

duplicating efforts by creating in-house training to fill the gaps unmet by schooling. Rather than a large 

pool of relatively undifferentiated general-education graduates, our society needs a wide range of 

knowledge and skills to fill multiple interdependent roles. Innovation and creativity depend on diversity 

in ideas; uniform curricula and massive-scale delivery of the same educational content to many 

thousands of learners dampen ingenuity.  

 

Conclusion 

The issues reviewed here motivate specific policy, research and development recommendations to 

optimize the balance between standardization and personalization in education. While K-12 education 
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tends to be subject to more pressures to standardize, institutions of higher education have historically 

experienced more freedom in how they meet instructional needs. Beyond simply noting that the 

appropriate balance may be somewhere in the middle, the following recommendations articulate which 

dimensions should be constrained and which should explore a broader range of possibilities. 

Knowledge  

In articulating the knowledge which students need to learn, subject-matter experts should develop 

common standards by: 

- Defining what constitutes mastery of a given subject and what is required to learn those 

concepts. 

- Specifying applicable contingencies in prerequisites. 

- Aligning these standards with expectations from subsequent work and education experiences. 

To enable personalization around individual differences in knowledge, needs, and learning, these 

standards should: 

- Distinguish among high-, medium-, and low-priority content. 

- Note where there is flexibility in the timing and sequence of knowledge to be learned. 

This may require revisiting and relaxing past conventions around the length and order of particular 

courses, to avoid unnecessary barriers to access and success. 

Data 

To take full advantage of the capacity of data to inform and improve educational practice, policymakers 

should make it easier to aggregate and compare data by: 

- Encouraging the continued development and refinement of common data standards. 

- Establishing guidelines and privacy protections whereby students retain control of personal data 

and grant explicit permission to institutions to share data for educational purposes only. 

- Providing support for institutions to adopt common data standards and to implement more 

robust and consistent data collection, data organization, and data sharing practices. 

Where flexibility is needed is in the formats for collecting and storing raw instructional data, since these 

will change with the instructional experiences. 

Assessment design and practice 

Consistent with the standards for knowledge that should be developed as noted above, educational 

policy should structure regulations around assessing knowledge, rather than time. Achieving this goal 

entails multiple initiatives: 

- Shifting regulations away from the Carnegie Unit and credit hour, toward knowledge-based 

metrics that measure knowledge in smaller increments. 
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- Strengthening methods for prior learning assessment and promoting more widespread use. 

- Supporting the creation and implementation of more innovative alternatives to large-scale 

standardized tests for assessing knowledge. 

Such alternatives should draw from a greater breadth of student products, measure knowledge at more 

points along the spectrum of learning, and allow for a broader range of contexts and circumstances 

around assessment administration.  

Instructional design and practice 

As with assessment, placement and cohorting for instructional experiences should be designed around 

the knowledge students have learned or will learn, not arbitrary time-based metrics such as age, grade 

level, or previous time invested. Institutions should support this through maintaining common 

expectations around actual rather than aspirational prerequisites and course goals, situated within 

larger knowledge maps that elucidate possible learning paths. Simultaneously, they should enable more 

flexibility along multiple dimensions, by: 

- Allowing for more variability in entry and exit points, through shorter and more modular 

learning experiences. 

- Incorporating more flexible pacing options, to accommodate differences in learning rates, 

available study time, or needs / preferences for revisiting material that needs relearning. 

- Providing for more diversity in presentation methods, activities, difficulty level, sequencing, 

amount and modality of interaction, problem context, extent of scaffolding, frequency and type 

of feedback, collaborative structure, etc. 

Where more effective options for a particular learner may be predicted through data and analytics, 

learning systems should capitalize on such knowledge, rather than simply throwing the gates open to all 

possible choices without careful consideration. This motivates the need for supporting research and 

development to build more sophisticated learning systems that account for relevant variables and adapt 

appropriately. Such systems may combine intelligent tutoring technology and innovative design around 

instructional interactions, to take advantage of both machine and human intelligence in fostering 

learning. 

Collectively, these recommendations can guide the effective development and deployment of 

personalized learning and assessment practices, for the sake of improving educational outcomes and 

efficiency. Taking full advantage of their promise while avoiding possible pitfalls requires establishing 

appropriate constraints and enabling sufficient freedom for these innovations to succeed. 


