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Abstract 

In this commentary, we selectively offer some recommendations for underutilized innovations 

and advances in methodology that would enhance the quality of developmental science research. 

We couch our recommendations in terms of measurement innovations, design innovations, and 

analytic advances. We conclude with an exhortation to developmental scientists to continue to 

incorporate advances and innovations in methodology as they address the essential questions 

surrounding our goal to understand and improve the human condition across the life span.  

Keywords: Methodology, Best-practices, Methods innovations 
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Underutilized Methods in Developmental Science to Inform Policy and Practice 

Advancing developmental science to inform policy and practice necessitates rigorous 

research methods. Indeed, using sophisticated methods adapted to the research questions being 

examined, and that have been shown to be associated with the most accurate results, is 

primordial to provide the best foundation for effective policy and practice. Developmental 

methods are constantly evolving, but some rigorous research methods, even when they have been 

proposed for decades, remain underutilized. This lack of adoption is due to many factors, 

including that the lack of utilization can make some  slip through the cracks, with few 

researchers knowing about them, and also a lack of advanced technology when some methods 

were proposed. Developmental scientists have a wealth of advances and innovations to 

incorporate into their research toolbox. In this invited commentary, we selectively highlight six 

of these methods that are underutilized in the areas of measurement, design, and analysis. 

Measurement 

The visual analog scale 

An important issue for developmental research using self-reports is obtaining the most 

accurate answer possible. Many constructs of developmental research are continuous in nature 

and would thus best be measured by an interval scale, but the most common scale is the Likert 

scale, which is an antiquated ordinal scale. Likert introduce the convenient method in 1932 as a 

means of reducing error and simplifying data collection (Likert, 1932); but this convenience 

came at an expense even in 1932. Today with automated and accurate electronic collection 

methods readily available, we can and must move away from Likert-like scaling to incorporate 

and easily implement better collection methods. 
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An alternative to the Likert scale is the visual analog scale, which consists of a 

continuous number line with endpoint verbal anchors (and perhaps a midpoint anchor). 

Historically, this interval scale was difficult to implement as it required researchers to manually 

measure the participants’ responses using rulers, which made the Likert scale a more efficient 

option. With technological advancements however, the visual analog scale is now an efficient 

and often more valid option. Papers published in 2019 (n = 634) in four developmental journals 

(Child Development, Development and Psychopathology, Developmental Psychology, 

Developmental Science) were reviewed for mentions of the methods highlighted in this 

commentary, and the visual analog scale was mentioned in only two articles, confirming that it is 

still rarely used in developmental research. 

The visual analog scale allows researchers to appropriately capture continuous constructs 

and respondents to freely specify their level of agreement with an item, instead of being 

constrained to predetermined categories. This advantage is an important one because measuring 

a continuous construct with a Likert scale can collapse different true scores into the same 

category, an issue referred to as scale coarseness that can introduce systematic measurement bias 

(Aguinis, Pierce, & Culpepper, 2009). This measurement bias is reduced as the number of 

answer categories increase and is completely avoided by using a truly continuous scale such as 

the visual analog scale. Furthermore, data collected with the visual analog scale was shown to be 

more precise and provides more information than the Likert scale (Funke & Reips, 2012; Rausch 

& Zehetleitner, 2014). Moreover, the visual analog scale was found to be valid, reliable, efficient 

to administer, and easy to use (and intuitive) for participants (e.g., Abend, Dan, Maoz, Raz, & 

Bar-Haim, 2014; Delgado et al., 2018; Jollant et al., 2019; Steiner & Streiner, 2005). To ensure 

participants can familiarize themselves with the procedure, it is easy (and recommended) to 
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accompany the visual analog scale with a brief introduction with instructions and a couple 

examples or practice questions. Although there are many advantages to the visual analog scale, 

as mentioned above its easy implementation requires a computerized questionnaire. Accordingly, 

for studies with populations or designs that require the use of paper questionnaires, the Likert 

scale is more convenient and may have more advantages than disadvantages. 

The visual analog scale can also be adapted to better measure change by labeling the 

midpoint of the scale with an anchor such as “no change” and then labelling the endpoints with 

an appropriate direction of change such as “Less Interest” and “More Interest,” respectively (see 

e.g., Allen et al., in press). This direct assessment of change would open up a wealth of 

opportunity to capture continuous growth or change across the span of a given study while 

avoiding some ceiling effects. When developmentalists use tradition repeated assessments that 

are not directly adapted to capture change, we find many measurement artifacts that emerge such 

as an artificial negative correlation between intercept and slope in growth models (Little, 2013). 

The retrospective pretest-posttest 

Program evaluations are an important aspect of developmental research. Most of this 

research uses a pretest-posttest design, in which the baseline of the outcome of interest is 

measured before the intervention is administered, and then measured again after the intervention. 

An alternative to the traditional pretest-posttest design is the retrospective pretest-posttest design, 

in which both the baseline and post-intervention levels of the outcome are measured after the 

intervention. Accordingly, when data is collected after the intervention, participants are 

administered questions that ask about their current status on the outcome (i.e., posttest), and that 

ask to retrospectively recall their perceived status prior to the intervention (i.e., pretest). None of 

the 634 papers reviewed mentioned the retrospective pretest-posttest. 
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Traditional pretests can fail to identify intervention effects because they are susceptible to 

response shift bias. This bias occurs when participants’ frame of reference regarding the question 

changes between the pretest and posttest, making it difficult to compare their answers and make 

accurate conclusions regarding the effectiveness of the intervention (G. S. Howard, 1980). This 

shift is an especially important concern when the intervention has the potential to change 

participants’ understanding and awareness of the study’s outcome variable. Indeed, participants 

tend to overestimate their initial levels in traditional pretests because they do not have sufficient 

knowledge about their attitudes, behaviors or skills before the intervention (Nimon & Allen, 

2007). If the intervention increases their knowledge or makes them more aware of their actual 

levels, their frame of reference about the construct changes and participants no longer have the 

same tendency to overestimate at the posttest, making the two assessments incomparable. By 

administering the pretest and posttest at the same time, the retrospective pretest-posttest design is 

not susceptible to response shift bias. Research supports the validity of the retrospective pretest-

posttest design, showing that it is more sensitive to expected intervention effects compared to the 

traditional pretest-posttest when response shift bias is present (e.g., Nakonezny & Rodgers, 2005; 

Pratt, McGuigan, & Katzev, 2000; Sprangers et al., 1999) and that they are sensitive to the 

effects of interventions even when no pretest data is collected (Little et al., 2019). While the 

possibility of children’s and adolescents’ cognitive development could limit their ability to 

answer retrospective questions, a study showed that 9-year-old participants were able to 

retrospect on their initial status, and thus appropriately answer a retrospective pretest (Little et 

al., 2019). A thorough review of the pros and cons of this measurement approach is beyond the 

scope of this commentary, but Little et al. (2019) provide an extensive re-introduction of it.  
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Design 

Appropriate timing and units of change 

Developmental research relies heavily on longitudinal panel studies to examine change. 

Valid results in these studies are dependent on the timing of measurement and the pace of change 

being in sync. This synchrony is important since when the time lag between measurement 

occasions is not optimal, relations between variables are often underestimated (Cole & Maxwell, 

2009). This synchrony between the timing of measurement and the pace of change is rarely 

found in current research however, and as Cole and Maxwell (2003) noted, the timing of 

measurement in social sciences is often determined by convenience and tradition instead of by 

theory and research. Still, designing a study with proper timing of measurement can be difficult, 

as some theories do not elaborate on when and how quickly change is expected to occur 

(Mitchell & James, 2001). Nevertheless, researchers should carefully consider previous theory 

and longitudinal research in establishing the ideal timing of measurement. When theory and 

previous evidence cannot fully inform the optimal lag, it can be calculated using data from 

previous studies or a pilot study with short time lags (see Dormann & Griffin, 2015). Although 

theory sometimes details specific time lags for developmental processes to occur, in many cases 

the underlying theory may also be that the interinfluence between two variables occurs 

continually over time, and thus discrete time measurements can only capture snapshots of this 

process. In these cases, ideal timing of measurement would often be considered as the lag that 

would yield the largest effect size of the association between the variables of interest (Dormann 

& Griffin, 2015).  

In a related vein, discrete measurement occasions often are separated by variable 

intervals due to the logistics of data collection. The time between measurements for each person 
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varies as a function of when in the window period of a measurement the person was assessed. 

This lag in measurement at the person level can be measured and used as an important variable 

in subsequent analyses. Selig, Preacher, & Little (2012) describe how to calculate this lag 

variable and then utilize it in the analysis model as a moderator of any cross-time predictive 

relationships. When this moderator variable is significant, it indicates that the strength of the 

regression coefficient in question varies depending on the actual interval that each person had. 

Such models are different than analytical strategies that aim to capture continuous change with 

discrete measurement occasions (i.e., continuous time models (Voelkle, Oud, Davidov, & 

Schmidt, 2012). The lag as moderator analysis model can be used to identify peak associations as 

a function of the time interval to inform the optimal discrete time interval (Selig, Hoy, & Little, 

2014; Selig et al., 2012). 

In addition to proper timing of measurement, more attention needs to be given to the units 

used to index change. Indeed, in developmental science, most longitudinal studies index time 

using the measurement occasion or participants’ age, notably because traditionally, 

developmentalists think of behavior as a function of age. This approach can be limiting, and it 

would be more accurate to think of change as a function of time, which would inform the right 

index of time to capture change in the construct of interest (Little, 2013). For example, grade in 

school is an index of episodic time and is a useful designation for modeling change in school-

related constructs. A child’s relative age within his or her grade in school should also be 

calculated and included in subsequent analysis models. Relative age effects are under examined 

in most developmental contexts outside youth sport participation, but these effects are frequently 

found when this information is measured and included analytically. Many other units of time 
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could be considered depending on the research questions, such as time before and/or after a 

specific developmental event (e.g., school entry, puberty, parental separation). 

The accelerated longitudinal design 

In a traditional longitudinal design, time of measurement, participant age, and cohort are 

confounded. An alternative design, the accelerated longitudinal design, allows to control for 

cohort and time of measurement effects, with the additional advantage of collecting data on a 

wider age range in less time. This design was used in five of the 634 reviewed studies. 

The accelerated longitudinal design is a type of planned missing data design, which is 

defined as missing data that is controlled by the researcher. Because the missing data introduced 

by the researcher are missing completely at random (MCAR), it is recoverable using modern 

missing data treatments (see next section) without introducing any bias. Planned missing data 

designs can notably involve randomly assigning participants to assessments that include missing 

items (i.e., multiform design), missing measurement occasions (i.e., waver-missing design), or 

missing measures (i.e., three-form design; see Little and Rhemtulla (2013) for a review). In these 

three instances, the assessments themselves are incomplete by randomly assigning missing 

values before data collection. For the accelerated longitudinal design however, the data 

collection may be considered complete, but the dataset is formatted in such a way that missing 

data cells are introduced. Indeed, the accelerated longitudinal design is a transformation of the 

cross-sequential design, which starts with a cross-sectional design (with participants of different 

ages) and then follows all participants longitudinally (see Table 1). For the accelerated 

longitudinal design, this cross-sequential design is transformed into a dataset with the full span 

of ages represented by the sample and missing data cells when cohorts are not assessed for a 

specific age (see Table 1). This transformation allows the creation of variables representing 
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cohort and time of measurement effects, which are then controlled for in the analysis model. 

Granted, such a transformation introduces complexity to the model with parameters that need 

careful interpretation; however, when properly specified and assumptions are met, this design 

provides unbiased estimates of age-related changes and differences across the agespan 

represented by the total sample. Note that although this example was based on age, an 

accelerated longitudinal design could also be used with other indexes of time (e.g., school grade, 

with the design starting with cohorts in different grades) when more suitable for the research 

questions (see previous section). 

Data analysis 

Missing data treatments 

Missing data are ubiquitous in developmental research, especially longitudinal studies. 

Despite the increasing literature on appropriate missing data treatments, reviews of recent 

developmental research show that deletion techniques are still the most frequent missing data 

treatment (Lang & Little, 2018; Rioux & Little, 2019), and evidence shows that deletion methods 

are associated with lower power and biased parameter estimates. If there are missing data, 

appropriate missing data treatments should be used regardless of the study design or amount and 

type of missing data. These missing data treatments include multiple imputation and full 

information maximum likelihood (FIML), which are the recommended approaches in the vast 

majority of instances (there are some exceptions, e.g., time-to-event analyses may use imputation 

or censoring (Rioux & Little, 2019)). FIML is a model-based approached that deals with the 

missing data by estimating parameters and standard errors in a single step but can only be used 

for data analyses for which maximum likelihood estimation is applicable. Multiple imputation is 

a two-step approach in which missing values are first estimated to create imputed data sets, and 
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analyses are then run on the imputed data sets. Multiple imputation and FIML were mentioned in 

136 of the 634 reviewed articles but should be used in almost all instances where there are 

missing data. 

These missing data treatments should be properly implemented (see, e.g., Enders, 2010; 

Lang & Little, 2018), notably by including auxiliary variables; that is, variables that are not 

examined for the objectives of the study, but that are included as predictors of missingness. 

Unfortunately, many studies using appropriate missing data treatments, especially when using 

FIML, do not mention the inclusion of auxiliary variables (Lang & Little, 2018; Rioux & Little, 

2019). This omission is particularly problematic since auxiliary variables are necessary to meet 

the assumptions of missing at random (MAR) for accurate estimation with multiple imputation 

or FIML and failing to include them has been shown to bias results (W. J. Howard, Rhemtulla, & 

Little, 2015). Proper reporting of missing data rates and treatments should be the norm, and 

should be required by developmental journals; Articles (in the main manuscript, or in 

supplementary materials) should report the rates, reasons, and mechanisms for missing data, state 

the missing data handling procedure, and describe all decisions made when handling the missing 

data. 

Integrative data analysis 

Data sharing and secondary data analyses are becoming increasingly common in 

developmental research (Friedman, 2007; Greenhoot & Dowsett, 2012), especially since many 

developmental questions require extensive longitudinal data. An analytical framework that can 

enhance secondary data analyses is integrative data analysis (Bainter & Curran, 2015; Curran & 

Hussong, 2009; Hussong, Curran, & Bauer, 2013). Integrative data analysis aims to pool raw 

data from two or more studies before conducting data analyses on the combined data and making 
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inferences both between and within studies. To do so, psychometric modeling techniques are 

used to create measures with the same meaning and scale across studies despite initial 

differences in the assessments. Items unique to one study may be included, but some common 

items are needed to link the measurement across studies. Such common items need to have the 

same prompt and response scale, but if the original items were not identical, they can often be 

harmonized by combining categories, items, or responses. Furthermore, techniques can be used 

to control sources of between-study heterogeneity for study integration, and study differences 

can also be examined as potential moderators of the results, providing information about the 

generalizability of findings. Any source of between-study heterogeneity may be considered, 

notably sampling, geographical region, historical time, and other design characteristics. 

Depending on the studies examined, however, different sources of heterogeneity may be 

confounded, limiting the ability to distinguish them in the integrative analyses (Curran & 

Hussong, 2009). Integrative data analysis was not used in any of the 634 articles reviewed. 

Integrative data analysis can have many advantages (Bainter & Curran, 2015; Curran & 

Hussong, 2009; Hussong, Curran, & Bauer, 2013), which depend on the contributing data sets 

and research questions examined. A main advantage is increased sample size. A larger sample 

size increases power and can provide enough participants to study rare behaviors or disorders. 

Furthermore, this larger pooled sample may also be more diverse when the individual samples 

underrepresent some racial, ethnic, and socioeconomic groups, which increases external validity 

and allows direct comparisons across subgroups. Integrative data analysis also contributes to 

both replication and integration of findings by examining results between and within studies. 

Because integrative data analysis incorporates the methods of assessment used in each study, the 

psychometric assessment of constructs is broadened and can result in stronger psychometric 
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properties. In some cases, integrative data analysis can also allow examining a longer 

developmental period than the periods available in each individual study; as long as there is 

some overlap in timing of measurement (e.g., ages), the models can be estimated with proper 

missing data treatments. Studies are pooled based on cohort sequential methods (Hussong et al., 

2013), which can yield a similar missing data pattern as presented above for the accelerated 

longitudinal designs, except that each “cohort” is from a different original study, and the 

assessments available for each cohort would depend on the design of each study. Finally, 

integrative data analysis can also be used to pool multiple reporter assessments (e.g., mother-

report, father-report, teacher-report), even if each individual study did not have all reporters, as 

long as there is enough overlap for missing data estimation (Curran et al., in press). Despite these 

advantages, integrative data analysis is not always feasible, such as when there are not enough 

common items, or when confounded between-study characteristics are central to the research 

question (Bainter & Curran, 2015). In such cases, integrative data analysis either is not feasible 

or does not provide the information necessary for a specific research question. Future studies 

could be designed to facilitate integrative data analysis, such as by using the same measures or 

making sure to have enough common items between studies. 

There is no standardized technique for integrative data analysis, but rather a set of 

principles that act as a guiding framework. Recommendations for conducting integrative data 

analysis can be found in Bainter & Curran (2015), Curran & Hussong (2009), and Hussong, 

Curran, & Bauer (2013). 

Conclusion 

Developmental science, historically, has shown a willingness to adopt new developments 

and advances in methodology. Still, some rigorous research methods remain underutilized in the 
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field. We have reviewed six of these methods, namely the visual analog scale, the retrospective 

pretest-posttest, the timing and units of change, the accelerated longitudinal design, appropriate 

missing data treatments, and integrative data analysis. Still, this list was selective, and many 

more methodologies could be taken into consideration more frequently for advancing 

developmental science (such as intensive longitudinal designs (Bolger & Laurenceau, 2013), 

confirmatory factor analysis and invariance testing (Little, 2013), parceling (Little et al., 2013) 

etc.). We exhort developmental scientists to continue to incorporate advances and innovations in 

methodology as they address the essential questions surrounding our goal to understand and 

improve the human condition across the life span. To serve social justice by providing the most 

valid findings for policy and practice, our field needs to continue to stay at the cutting edge of 

methodological developments and incorporate them readily into research practice.   
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Figure 1. Example of a retrospective pretest-posttest item, with visual analog scales (a) 

measuring the variable of interest at pretest (retrospectively) and posttest, and (b) directly 

measuring change. 



UNDERUTILIZED METHODS 20 

Table 1 

 

Example of an accelerated longitudinal design covering childhood and adolescent years with six yearly assessments 

 

 Initial cohort-sequential design for data collection  

Age in years for each cohort at each wave 

Cohort initial age W1 W2 W3 W4 W5 W6  

Age 1 years 1 2 3 4 5 6 

Age 3 years 3 4 5 6 7 8 

Age 5 years 5 6 7 8 8 10 

Age 7 years 7 8 9 10 11 12 

Age 9 years 9 10 11 12 13 14 

Age 11 years 11 12 13 14 15 16 

 

 Transformation of the cohort-sequential design into the accelerated longitudinal design 

Full span of ages covered and wave of assessment for each cohort 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

Age 1 years W1 W2 W3 W4 W5 W6           

Age 3 years   W1 W2 W3 W4 W5 W6         

Age 5 years     W1 W2 W3 W4 W5 W6       

Age 7 years       W1 W2 W3 W4 W5 W6     

Age 9 years         W1 W2 W3 W4 W5 W6   

Age 11 years           W1 W2 W3 W4 W5 W6 

 

Note. W = Wave of assessment. A dummy code to represent each cohort would be included within each pattern to account for 

potential cohort differences. The missing data that are missing by design are imputed. Adapted from Little (2013). 
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Table 2 

 

Example of two items harmonized from 3 different questionnaire versions 

 

Questionnaire 1 Questionnaire 2 Questionnaire 3 Harmonized 

Last week, approximately 

how many hours did you read 

with your child?  

How many hours do you 

spend reading with your 

child each week? 

How many hours a week do 

you spend reading with your 

child? 

Weekly reading hours with 

child 

Open numerical answer 

0 hours 0 hours 0 hours 

1-3 hours 
1-5 hours 1-5 hours 

3-5 hours 

5-10 hours 5-10 hours 5-10 hours 

More than 10 hours More than 10 hours More than 10 hours 

At approximately what 

frequency do you physically 

punish your child? 

How often to you physically 

punish your child? 

How often do you give a 

physical punishment to your 

child? 

Physical punishment 

frequency 

Never Never Never Never 

Once a month or less 
Less than once a month 

About once a month Once a month or less 
Once a month 

A few times a month A few times a month 2-3 times a month A few times a month 

Once a week Once a week About once a week Once a week 

A few times a week Several times a week 
2-3 times a week 

A few times a week 
3-6 times a week 

Once or twice a day 
Every day Every day Every day 

Several times a day 
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