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Abstract

Purpose—To identify and evaluate methods for assessing pediatric patient-reported outcome 

(PRO) data quality at the individual level.

Methods—We conducted a systematic literature review to identify methods for detecting invalid 

responses to PRO measures. Eight data quality indicators were applied to child-report data 

collected from 1780 children ages 8–11 years. We grouped children with similar data quality 

patterns and tested for between-group differences in factors hypothesized to influence self-report 

capacity.

Results—We identified 126 articles that described 494 instances in which special measures or 

statistical techniques were applied to evaluate data quality at the individual level. We identified 22 

data quality indicator subtypes: 9 direct methods (require administration of special items) and 13 

archival techniques (statistical procedures applied to PRO data post hoc). Application of archival 

techniques to child-report PRO data revealed 3 distinct patterns (or classes) of the data quality 

indicators. Compared to class 1 (56%), classes 2 (36%) and 3 (8%) had greater variation in their 

PRO item responses. Three archival indicators were especially useful for differentiating plausible 

item response variation (class 2) from statistically unlikely response patterns (class 3). 

Neurodevelopmental conditions, which are associated with a range of cognitive processing 

challenges, were more common among children in class 3.
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Conclusion—A multi-indicator approach is needed to identify invalid PRO responses. Once 

identified, assessment environments and measurement tools should be adapted to best support 

these individuals’ self-report capacity. Individual-level data quality indicators can be used to gauge 

the effectiveness of these accommodations.
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Patient-reported outcome (PRO) measures are a ubiquitous source of information used in 

pediatric health research and clinical care. An assumption of PRO assessment is that 

individuals are the most reliable and accurate reporters of their own health experiences. 

Many child-reported outcome measures are intended for children as young as 8 years of age 

[1]. This assumes that most 8-year-old children are able to execute the mental functions 

needed to comprehend items and response options, evaluate and summarize their 

experiences relative to item meaning, and select response options that best represent their 

self-evaluation. The numerous cognitive capacities underlying these functions include 

reading comprehension and/or auditory processing, attention, working memory, long-term 

memory, temporal sequencing, and judgment. Variation in cognitive capacities, which is 

both developmentally normative for school-aged children and heavily influenced by 

exposure to home and formal learning environments, poses significant challenges to the 

reliability and accuracy of child PRO measurement.

Developmentally sensitive PRO measures (PROMs) attempt to accommodate for variation in 

children’s cognitive capacities by minimizing assessment demands [2]. For example, item 

wording is refined to maximize item relevance and understandability [3, 4]. Other 

accommodative techniques intended to bolster children’s self-report capacities include 

auditory or multimodal presentation of items, illustrated content, and pictorially represented 

response categories. These accommodations are presumed to enhance the reliability and 

validity of children’s self-report, but there have been few systematic attempts to evaluate 

their impact on data quality among children with a broad range of cognitive ability levels 

and education and socio-cultural experiences. Such research is limited by the lack of 

validated techniques for detecting potentially invalid PROM responses at the individual 

level. This can include a lack of response variability, excessive response variation, and 

extreme, inconsistent, or improbable response patterns.

A variety of methods for detecting invalid PRO data have been proposed [5–8]. These 

methods fall into two categories: archival and direct. Archival methods are applied to data 

that have already been collected and thus, are useful for flagging cases with problematic 

response data post hoc. Direct measures require administration of special items and, thus, 

may be used to screen for self-report capacity before administering full PRO batteries. For 

example, direct measures may prompt for a clear correct answer as a way of measuring 

attentiveness [9, 10]. We conducted a systematic literature review to establish an exhaustive 

list of methods previously used to evaluate PRO data quality at the individual level and to 

assess their frequency of use. We reviewed studies involving children and adults because we 

anticipated that few pediatric studies directly assess child-report data quality. Moreover, 
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techniques applied to adult samples may be applicable to children. We also evaluated the 

feasibility and usefulness of archival data quality indices by applying them to survey data 

collected from children ages 8–11 years. Both the literature review and data analyses were 

conducted to inform recommendations for gauging PRO data quality and children’s self-

report capacity. Use of the methods will encourage uptake of child PROs in pediatric clinical 

care and research by increasing end-user confidence in the accuracy of these important 

outcomes. Additionally, individual-level data quality indicators are needed to support the 

development of assessment techniques that maximize opportunities for child self-report 

while also ensuring measurement precision.

Systematic literature review

We conducted a systematic literature review to identify articles that describe methods for 

evaluating the reliability and/or validity of individuals’ PRO responses. Results are presented 

in accordance with Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) guidelines [11]. The PRISMA flowchart and checklist are included in Appendix.

Data sources

The search was conducted in collaboration with a medical librarian with systematic review 

expertise. We developed a detailed search strategy and conducted the search using the Web 

of Science Core Collection (Clarivate Analytics), Embase (Elsevier), ERIC (Ebscohost), and 

PsycInfo (Ebsco-host). The search strategy is shown in Appendix. The search strategy used a 

combination of subject headings and free text terms. The search was limited to peer review 

publications published from 2007 to present. The final search was completed on April 10, 

2018. The search identified 4937 sources. Duplicate articles (n = 857) were omitted using 

Endnote X.7 for the deduplication of records.

Study selection

Article inclusion criteria were (1) written in English; (2) included a self-report measure; and 

(3) included a data quality indicator. Data quality indicators were defined as methods for 

determining whether individuals’ responses to self-report measures are reliable, valid, 

trustworthy, or credible. Two blinded and independent reviewers screened the unique 

references (n = 4080) by title and abstract using Rayyan, a systematic review web 

application. A third independent reviewer resolved disagreements. Title and abstract 

screening resulted in the elimination of 3752 articles (33 were not written in English, 3230 

did not include a self-report measure, 489 did not include a data quality indicator).

Review process

We reviewed full text for the remaining 328 articles. An additional 202 articles were 

eliminated upon full-text review for violating inclusion criteria: 14 articles were not written 

in English, 10 did not include a self-report measure, and 93 did not include a data quality 

indicator. An additional 85 articles were eliminated for their focus on malingering, the 

intentional manipulation of data for specific gains. Measures of malingering are designed to 

detect purposeful attempts to alter one’s response for gain or to comply with social 
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desirability [8]. Such measures assume that respondents have a clear understanding of the 

self-report measure and possess the skills needed to intentionally alter their responses. Our 

goal was to identify methods for detecting biased responses due to poor item understanding, 

carelessness, or insufficient effort, as opposed to intentional faking. Therefore, we 

eliminated articles that focused exclusively on malingering.

Abstraction of data quality indicators

Two independent reviewers abstracted information about data quality indicators from the 

remaining 126 articles. A third independent reviewer resolved disagreements. We recorded 

494 instances in which data quality assessment measures or techniques were applied. This 

included 133 unique direct quality measures representing 9 subtypes and 13 archival 

indicator subtypes. Table 1 describes the types of data quality indicators and the frequency 

of their use. A complete list of articles and data quality indicators is included in Appendix.

Data quality indicators used in pediatric research

Of the 126 identified articles, 12 (10%) described 23 instances in which data quality 

indicators were applied in pediatric populations. These articles are identified in Online 

Appendix Table 1A. Table 1 shows the frequency with which data quality indicators were 

applied in research involving children. Four of the 12 studies (33%) used a single type of 

data quality indicator; 7 (58%) used direct indictors only; 3 (25%) used archival indicators 

only; and 1 (8%) used a combination of direct and archival methods. Self-report measures of 

honest responding (e.g., “I am telling the truth on this survey”) were used in 5 studies [12–

16] and 2 studies asked children to report how well they paid attention during the assessment 

[12, 13]. Unlikely symptoms and virtues were assessed in 3 studies, which were conducted 

in residential treatment facilities [17], juvenile detention centers [18], and psychiatric 

inpatient settings [19]. A single study used bogus/infrequency items to detect questionable 

data quality. Furlong et al. (2017) screened for endorsement of unusual response options (< 

5% incidence) across multiple items (e.g., weighing > 225 lb).

In research involving children, 2 studies used psychometric synonyms/antonyms, which 

measures within-person correlations across item pairs with strong positive associations or 

strong inverse associations [19, 20]. Two studies assessed response invariability 

(“longstring”), the maximum number of consecutive items with the same response [21, 22]. 

Univariate outlier statistics were applied in 2 studies [21, 23] and 1 study assessed 

consistency in responding to reverse-coded items to identify invalid responders [21].

Application of archival data quality measures

We evaluated 8 archival data quality indicators in secondary analysis of self-report data that 

were previously collected from a general population sample of children ages 8–11 years. 

The dataset did not support the use of 4 of the identified archival indicators and we were 

unable to evaluate direct indicators because they were not administered at the time of data 

collection.

Bevans et al. Page 4

Qual Life Res. Author manuscript; available in PMC 2021 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Participants

Participants included 1780 children ages 8–11 years. Children were 48% male, 81% White, 

17% African-American, 3% of another race, and 3% Hispanic. Approximately 21% of 

children were living in poverty as indicated by U.S. Census Bureau poverty thresholds, and 

39% were living in single parent households. Parents or primary caregivers of 1221 

participating children (69%) completed a parent-report questionnaire.

Measures

Child-reported health

Children completed the Healthy Pathways Child-Report Scales as part of a study on 

associations between child health and school performance [24]. Analyses were conducted 

using children’s initial (baseline) responses to six scales selected to represent diverse aspects 

of children’s health and functioning: physical comfort (8 items, physically experienced 

distress such as pain, fatigue, and somatic complaints); emotional comfort (10 items, 

emotions and mood with emphasis on anxiety, anger, and depression); self-worth (7 items, 

one’s satisfaction with self); family connectedness (8 items, feelings of belonging in one’s 

family); peer connectedness (9 items, making friends, quality of friendships); and student 

engagement (6 items, the degree to which children are interested and invested in learning). 

All items assess the frequency of children’s experiences using a 5-point response scale 

(never, almost never, sometimes, almost always, always). Three of the 6 scales (emotional 

comfort, self-worth, and student engagement) include a total of 5 items that are reverse 

coded so that for all items, higher values indicate better health or functioning (e.g., fewer 

physical symptoms, greater student engagement). Reverse-scored items afforded the 

opportunity to assess consistency in children’s responses to positively and negatively 

oriented items from the same scale.

Chronic health/neurodevelopmental conditions and special healthcare needs

Parents completed the Children With Special Health Care Needs (CSHCN) Screener, a non-

categorical measure of long-term health problems that require health services or cause 

functional limitations [25]. The screener identifies children who have a condition lasting at 

least 12 months that results in (1) needing or using medicine prescribed by a doctor, other 

than vitamins; (2) needing or using more medical care, mental health, or educational 

services than is usual for most children of the same age; (3) limitations in their ability to do 

the things most children of the same age can do; (4) receipt of special therapy, such as 

physical, occupational, or speech therapy; or (5) emotional, developmental, or behavioral 

problems for which they need treatment or counseling. Parents also indicated whether 

children have been diagnosed with asthma, epilepsy, attention deficit hyperactivity disorder 

(ADHD), a learning disability, or a speech impairment or delay.

Academic performance

Concurrent with administration of the child- and parent-report measures, reading and math 

standardized test scores were collected for 1762 (99%) of the participating children. The test 

score metrics differed across states and grade levels. Therefore, scores were transformed to 
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state-grade-specific mean of 100 and standard deviation of 15. Parents (n = 1240) completed 

the Healthy Pathways Parent-Report Academic Performance scale, a 6-item measure of 

children’s performance on schoolwork, homework, reading, math, and remembering what 

they learned [26].

Procedures

Children were recruited from regular education 4th, 5th, and 6th grade classrooms. Children 

ranged in age from 8–13 years (grade 4: M=9.6, SD = 0.6; grade 5: M = 10.6, SD = 0.6; 

grade 6: M = 11.6, SD = 0.6) in 34 schools in Maryland (2 school districts) and West 

Virginia (1 school district). Students completed the Healthy Pathways Scales at school in the 

presence of research and school staff. Parent-report measures were sent home with children 

and returned directly to the researchers via U.S. mail. Research staff collected participants’ 

standardized test scores from school records. Study procedures were approved by 

Institutional Review Boards at the Children’s Hospital of Philadelphia, Johns Hopkins 

Bloomberg School of Public Health, and Marshall University.

Analyses

Data analyses were conducted using R version 3.5.3. Annotated R scripts are presented in 

Appendix. We calculated 8 data quality indicators for each respondent: 5 indicators of intra-

individual response variation (invariability/longstring, individual reliability, psychometric 

synonyms, inter-item standard deviation, reverse-coded item inconsistency) and 3 indicators 

that an individual’s item responses differed from those of other children in the sample 

(person-total correlation, Mahalanobis distance, polytomous Guttman errors).

Invariability (longstring) (LS)

The maximum number of consecutive items with the same response prior to item re-coding. 

This metric assumes that repeated use of the same response category indicates lack of 

understanding or careless responding [5].

Individual reliability (IR)

Average of within-person correlations between scores on randomly selected halves of each 

subscale, sampled 100 times [5, 27]. Higher correlations indicate greater response 

consistency within scales.

Psychometric synonyms (PS)

Within-person correlation across 20 item pairs that have sample-level item-to-total 

correlations > 0.50. Correlations were computed using the psychsyn function from the 

careless package in R [28]. Higher correlations indicate greater response consistency.

Inter-item standard deviation (SD)

Average of within-person standard deviations of items on each scale. Higher values indicate 

less consistency in responses to conceptually and empirically related items.
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Reverse-coded item inconsistency (RI)

Average of differences between each of 5 reverse-coded items (after re-coding) and scores 

on the item’s parent scale with the reverse-coded item removed. Higher scores indicate 

greater inconsistency in responding to reverse-coded and non-reverse-coded items that 

measure the same construct.

Person-total correlation (PT)

Correlation between the person’s item responses and the mean of all others’ item responses. 

Higher values indicate greater compliance with others’ response patterns.

Mahalanobis distance (MD)

The distance between an individual’s response pattern and the multivariate center of 

responses [5, 8]. We calculated MD for each scale using the PerFit package in R and 

averaged the scores to generate a single MD value [29]. Higher MD values indicate that a 

respondent is an outlier relative to the multivariate distribution formed by responses to all 

items.

Polytomous Guttman errors (GE)

Within each scale, Guttman errors were registered for each item pair when children endorsed 

a higher response category for the more difficult item than for the less difficult item. In its 

polytomous form, Guttman errors also account for the magnitude of this discrepancy (the 

distance between expected and actual response categories). We used the GPoly function in 

the PerFit package in R to assess the frequency of polytomous Guttman errors for each scale 

and summed the errors across scales [29]. Higher values indicate greater deviation from 

expected response patterns based on item difficulty.

Because all items on the Healthy Pathways Scales are unique, we were unable to assess 

consistency in responses to repeated items (‘direct item repetition’). We were also unable to 

count omitted items because the computer-based survey administration platform required a 

response before advancing to the next item. Additionally, we chose not to calculate basic 

outlier statistics because they may reflect children’s actual levels of the measured constructs 

rather than invalid responding [5].

We calculated descriptive statistics (mean, standard deviation, and range) for each data 

quality indicator and assessed their associations using Pearson correlation coefficients. We 

conducted latent profile analysis using the tidyLPA package in R to explore if and how 

scores on the archival data quality indicators contributed to the characterization of unique 

PRO response patterns that may be useful for identifying children with underdeveloped self-

report capacity [30]. Using an iterative model testing process, we compared latent profile 

analysis (LPA) models with 2 to 5 classes according to Bayesian Information Criterion 

(BIC), Sample-Adjusted BIC (SABIC), and Akaike’s Information Criterion (AIC) [31–33]. 

We characterized and compared scores on the data quality indicators and Healthy Pathways 

scales across classes. Lastly, we tested for between-class differences in child age, gender, 

health and neurodevelopmental conditions, special healthcare needs (SHCNs), and academic 

performance. We expected that younger children and those with health or 

Bevans et al. Page 7

Qual Life Res. Author manuscript; available in PMC 2021 May 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



neurodevelopmental challenges that may interfere with the cognitive functions used in self-

reporting (e.g., attention, reading comprehension, working memory) would be 

overrepresented in classes with problematic response patterns. We also expected that 

children in these classes would have relatively poorer standardized test scores and parent-

reported academic performance. We tested these hypotheses using analysis of variance for 

continuous outcomes (child age, school performance) and Chi square for categorical 

outcomes (SHCNs, chronic health or neurodevelopmental conditions).

Results

Descriptive statistics (mean, standard deviation, and range) and associations among archival 

indices (Pearson correlation coefficients) are shown in Table 2. LPA model fit criteria and 

classification probabilities are shown in Appendix (Table A2). The 3- and 4-class LPA 

models fit the data better than the 2-class model. Classification probabilities were better for 

3 classes than for 4 and 5 classes. Figure 1 is the 3-class profile plot in which the bars reflect 

95% confidence intervals for class centroids of standardized data quality indicators (z 
scores). Descriptive statistics and class comparisons for unstandardized data quality 

indicators and Healthy Pathways scales are shown in Table 3 and Table A3 (Appendix), 

respectively.

Over half of the sample was assigned to class 1 (n = 998, 56.1%). Class 1 children were 

consistent in their responses to items within scales as evidenced by their relatively small 

inter-item standard deviation and high within-person correlation on psychometric synonyms. 

The internal consistency of scales (α) ranged from 0.74 to 0.87 in class 1. For these children, 

response consistency may be partially attributable to their negatively skewed responses or 

tendency to use the “healthiest” response category. Children in class 1 had the highest 

Healthy Pathways scale scores (M range: 3.61–4.18) and the least response variation within 

scales (SD range: 0.57–0.69). Negative skew may also help explain the relative infrequency 

of Guttman errors, since no errors are registered when responses to item pairs are the same 

(e.g., endorsed “Always” for both items). Still, the relatively small average difference 

between negatively and positively worded items on the same scale (reverse-coded item 

inconsistency) suggests that children in class 1 understood the items and responded 

attentively. Children in class 1 had the highest person-total correlations and smallest 

Mahalanobis distance values, indicating that their response patterns were consistent with 

those of other children in sample.

Class 2 included 637 (35.8%) children. Compared to class 1, children in class 2 had more 

variation in their item responses. On average, they had relatively greater inter-item standard 

deviations (scale-level SD range: 0.64–0.85) and smaller within-person correlations on 

psychometric synonyms than class 1. Scale internal consistency (α) ranged from 0.65 to 

0.85 in this class. Class 2 had more reverse-coded item inconsistency than class 1, but less 

than class 3. Similarly, their scores fell between those of children in classes 1 and 2 on 

person-total correlation, Mahalanobis distance, and polytomous Guttman errors.

Class 3 included 145 (8.1%) children. These children had the lowest Healthy Pathways scale 

scores (M range: 2.97–3.23) and the highest within-scale variation (SD range: 0.70–0.98). 
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As evidence by their high Mahalanobis distance and Guttman error values and low person-

total correlation, the response patterns of children in class 3 deviated significantly from 

those of children in classes 1 and 2. With an average difference of nearly 1.5 response 

categories, children in class 3 had the largest discrepancy between positively and negatively 

worded items on the same scale. For children in class 3, internal consistency was below 

conventionally acceptable levels (α < 0.70) for 3 of the 6 Healthy Pathways scales (range α: 

0.57–0.82).

Compared to class 1, children in both classes 2 and 3 were significantly more likely to have 

ADHD, learning disability, speech impairment or delay, and all types of SHCNs. As shown 

in Table 4, children in class 3 were more likely to have neurodevelopmental conditions and 

SHCNs needs than children in class 2. Compared to class 1, average standardized tests 

scores were about 0.5 SDs lower in class 2 and 1.0 SDs lower in class 3. Similar trends were 

observed for parent-reported academic performance. On average, children in class 3 were 

about 4 months younger than those in classes 1 and 2. Class 3 also included a greater 

proportion of boys than the other classes.

Discussion

Despite recent advances in child PRO assessment, barriers to the widespread use of child-

report measurement tools remain. Developmentally normative variation in the cognitive 

capacities needed to accurately self-report, which is especially pronounced in middle 

childhood, makes it difficult for end-users to determine whether they should administer 

PROMs to a child and once data are collected, whether they accurately reflect a child’s true 

health state. Accommodative techniques, such as illustrated or multimodal administration of 

items, are intended to support children’s self-report capacity. However, research on these 

techniques is limited by the lack of validated methods for detecting invalid PRO responses at 

the individual level. We conducted a systematic literature review to identify previously used 

methods for detecting invalid PRO response data. Thereafter, we explored associations 

among some of the identified procedures by applying them to existing child-report data.

There is limited consensus on the best approaches for evaluating the quality of PRO data 

quality at the individual level. In research involving both children and adults, nearly 60% of 

the identified data quality indicators were measures of unlikely virtues/social desirability 

and unlikely symptoms. In pediatric research, these measures were used exclusively with 

special populations (e.g., youth in residential treatment, juvenile detention, psychiatric 

inpatient settings) [17–19]. These measures assess content responsive faking, which assumes 

that respondents understand the items and alter their responses for gain (e.g., to avoid 

punishment). Such measures may be problematic for children, because they are often 

administered by people in positions of power. Even when PROMs have no direct bearing on 

children, they may misunderstand the potential consequences of the measures and 

intentionally alter their responses accordingly.

Self-reported measures of honesty, attention, effort, and/or interest were the second most 

frequently used data quality indicator overall, and the most commonly used strategy for 

children. Rather than administer unrealistic bogus items, Furlong et al. (2017) developed a 
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youth-report scale comprised of legitimate questions with both plausible and implausible 

response options. Adolescents who endorsed several low-incidence response options (e.g., 

having more than 10 siblings) were flagged as unreliable. Lengthening assessments with 

self-report indicators and bogus items may be impractical in some settings, especially in 

clinical care contexts. Mirroring Furlong et al.’s approach, a simple count of the number of 

times an individual endorses low-incidence response options on PRO items already being 

administered may provide important information about data quality without increasing 

assessment burden.

We identified 13 types of archival data quality indicators, 5 of which were previously 

applied in research involving children. Whereas prior studies used between 1 and 3 archival 

indicators to assess child-report data quality, we applied 8 archival techniques to child-report 

survey data. This enabled us to assess interrelationships among indicators and their relative 

utility. In prior studies involving children, the most commonly applied archival strategies 

were long-string, psychometric synonyms/antonyms, and univariate outlier statistics [19–21, 

23]. We found these indicators to have limited utility compared to multivariate and IRT-

based statistics. Longstring was uncorrelated with other indicators, and it failed to 

differentiate among data quality classes. In our general population sample, repeated 

endorsement of the same (usually most positive) response option may reflect children’s true 

perceptions of their health, rather than lack of understanding or careless responding. Curran 

(2016) suggests that identification of extreme longstring outliers may be an efficient way to 

eliminate some of the “worst of the worst” responders (p. 8). However, in our sample, 

children in classes 1 and 3 were equally likely to have extreme long-string values (> 15 

items). Resampled individual reliability was comparable across all three classes. Children in 

class 1 had higher psychometric synonym values than remaining children and there were no 

differences in psychometric synonyms between classes 2 and 3.

Classes were differentiated by inter-item SD, reverse-coded item inconsistency, Pearson-

total correlation, Mahalanobis distance, and polytomous Guttman errors. As evidenced by 

inter-item SD, children in classes 2 and 3 had greater response variation than those in class 

1. Poorer self-reported health among children in classes 2 and 3 may reflect their higher 

rates of special healthcare needs and neurodevelopmental conditions. This highlights a 

critical challenge in assessing the veracity of self-report data—distinguishing variable 

response patterns that reflect plausible symptom variation from those that indicate careless 

responding or possible limitations in self-report capacity. In our analyses, we found 

Mahalanobis distance and polytomous Guttman errors to be especially useful for 

differentiating plausible item response variation (class 2) from statistically unlikely response 

patterns (class 3). Given the extremely high correlation between these methods (r = 0.95), 

we recommend these approaches to identifying potentially invalid PROM data. The 

computational intensiveness of these methods may reduce their utility for some users. They 

can only be applied to large datasets a priori and, thus, may be most useful for health 

outcomes researchers. In contrast, they lack utility in clinical settings where the goal is to 

determine whether individual children can self-report prior to administering a full PROM 

battery. Reverse-coded item inconsistency is a simpler approach that also distinguished 

classes 2 and 3. Pediatric clinicians could use this method as a “quick check” of self-report 

data quality. However, because negatively worded items are inherently more difficult than 
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positively worded items, reverse-coded item inconsistency should be interpreted with 

caution, especially among youth with developmental or learning challenges.

We cannot definitively conclude that children in class 3 responded carelessly or lack self-

report capacity. Notably however, conditions associated with a range of cognitive processing 

challenges that may compromise self-report validity were most common among children in 

class 3. These children were younger and significantly more likely to have SHCNs, ADHD, 

learning disability, and/or speech impairment or delay. Their poorer standardized test scores 

and parent-reported academic performance may reflect difficulty with attention, reading 

comprehension, sequencing, and other cognitive processes needed to reliably and accurately 

self-report. Rather than exclude these children from PRO assessments, assessment 

environments and measurement tools should be adapted to best support their self-report 

capacity [2]. Individual-level data quality indicators are essential for gauging the 

effectiveness of these accommodations.

In sum, the systematic literature review and secondary data analyses suggest that no single 

metric would definitively identify all problematic response patterns. Robust data screening 

practices should include multiple approaches to detect different types and patterns of 

potentially invalid data [5, 27]. This study has several notable limitations that highlight areas 

for future research. Our literature search was limited to 10 years of publication. Prior studies 

may describe additional approaches; however, redundancy in the identified methods suggests 

that we were able to establish a comprehensive list of data quality indicators. Direct data 

quality indicators, which were unavailable for these analyses, may have strengthened our 

capacity to identify problematic response patterns. In future research, archival and direct 

data quality indicators should be compared to more objective measures of inattentiveness 

(e.g., eye-tracking during PROM administration) and cognitive capacity (e.g., individually 

administered standardized tests, cognitive interviews that reveal children’s understanding of 

PROM items) to establish cut points on quality indicators that signal the need for caution in 

interpreting PROMs. Simulation studies may also be helpful for identifying thresholds that 

indicate meaningful shifts in data quality. Finally, research on predictors of robust data 

quality indicators will inform the development of screeners that could be administered prior 

to PROM administration to identify children who may be unable to accurately self-report 

and those who would benefit from specific assessment accommodations.
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Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
Standardized data quality metrics by LPA class. LS longstring, IR resampled individual 

reliability, PS psychometric synonyms, SD inter-item standard deviation, RI reverse-coded 

item inconsistency, PT person-total correlation, MD Mahalanobis distance, GE polytomous 

Guttman errors

Notes: LS = longstring, IR = resampled individual reliability, PS = psychometric synonyms, 

SD = inter-item standard deviation, RI = reverse-coded item inconsistency, PT = person-total 

correlation, MD = Mahalanobis distance, GE = polytomous Guttman errors
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Table 4

Child age, gender, health status, and school performance by data quality indicator classes

All Data quality indicator classes

Class 1 Class 2 Class 3

Child age,
a
 M(SD) 9.6 (1.0) 9.6 (0.9) 9.6 (1.0) 9.3 (0.9)**

Male gender,
a
 (ref = girls), % 48.2 46.6 47.3 63.2****

Special healthcare needs (≥ 1),
b
 % 35.5 29.5 40.2*** 57.4****

  Medication use 28.6 24.8 31.1* 45.2****

  Healthcare or educational services 14.3 11.0 16.5** 28.9****

  Functional limitations 7.0 3.8 10.3**** 15.4****

  Special therapy (e.g., PT, OT, speech) 3.1 1.3 4.3** 10.5****

  Developmental/behavioral treatment or counseling 12.9 9.6 16.1** 22.9****

Chronic health or neurodevelopmental condition (≥ 1),
b
 % 25.5 20.7 28.7** 45.2****

  Asthma 11.2 10.1 11.6 16.8*

  Epilepsy 0.5 0.8 0.0 0.0

  Attention deficit hyperactivity disorder 12.0 9.1 14.3** 22.4****

  Learning disability 6.8 3.7 9.0*** 20.0****

  Speech impairment or delay 2.5 1.4 3.6* 7.5***

School performance, M(SD)

  Reading standardized test score
c 100.4 (14.9) 104.1 (14.1) 96.5 (14.5)**** 91.4 (14.3)****

  Math standardized test score
c 100.7 (14.6) 104.3 (13.5) 97.4 (14.3)**** 90.7 (15.7)****

  Parent-reported academic performance
b 3.8 (0.9) 4.0 (0.9) 3.6 (0.9)*** 3.3 (0.9)****

For class analyses, class 1 was the reference category

a
Based on child-report: All (n = 1780), class 1 (n = 998), class 2 (n = 637), class 3 (n = 145)

b
Parent-report: All (n = 1221), class 1 (n = 708), class 2 (n = 413), class 3 (n = 100)

c
school records: All (n = 1764), class 1 (n = 990), class 2 (n = 631), class 3 (n = 143)

*
p < 0.05

***
p < 0.001

****
p < 0.0001
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