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A B S T R A C T

Background: Many studies have examined how education influences cognitive decline trajectories, often reflected 
through episodic memory deficits measured by word recall tests. However, little is known about how education 
affects episodic memory measurement in longitudinal studies where word-list complexity and test form vary. Our 
study aims to explore whether education influences episodic memory measurement via test specifications in a 
Chinese context.
Methods: 23,951 respondents aged over 45 (78,364 person-years) from five waves (2011–2020) of the China 
Health and Retirement Longitudinal Study (CHARLS) were included. We fitted two random-intercept mod
els—one for immediate and one for delayed test scores—to examine how education influences episodic memory 
measurement across varying test formats and word list complexities. Based on these results, we applied a hybrid 
frequency-estimation equating approach to facilitate longitudinal studies in CHARLS, accounting for education’s 
impact when word recall tests use varying specifications.
Results: Respondents with higher education scored better on immediate and delayed word recall tests, but all 
education groups were negatively affected by increased word-list complexity, with lower-educated individuals 
more vulnerable. Higher-educated respondents also gained more improvement in word recall outcome from extra 
practice trials when complexity remained constant. After equating, the predicted trajectories reflected more 
accurate cognitive decline over time, enhancing the measurement’s validity.
Conclusion: These findings suggest that education strongly influences episodic memory assessment, as test 
specifications—word-list complexity and test form—interact with participants’ education and shape performance 
gaps between higher- and lower-educated groups. For equating techniques in longitudinal studies, frequency 
estimation suits waves with similar complexity, whereas equipercentile equating better addresses substantial 
complexity differences, thereby enhancing measurement validity.

1. Introduction

Cognitive aging poses a public health concern as populations 
worldwide experience rapid aging (WHO, 2021). Individuals commonly 
undergo memory-function declines through normal aging, including 
those caused by neurodegenerative diseases (Livingston et al., 2024). A 
growing body of longitudinal research employing multiple survey waves 
explores how various factors shape trajectories of cognitive decline from 
a life-course perspective, often using free word recall tests as a core 
measure of memory performance, in which participants recall a list 
immediately after presentation and again following a brief delay (Ford 
et al., 2021; Li et al., 2022).

A challenge though for longitudinal research is that recall tests can 
change across waves, both in terms of test forms and the complexity of 
word lists. This occurred in the most important longitudinal study of 
health and ageing in China, the China Health and Retirement Longitu
dinal Study (CHARLS), making it difficult to study and understand tra
jectories of cognitive health and decline in one of the largest and most 
rapidly aging countries in the world (UN, 2024). While prior approaches 
have been developed to address inconsistent estimates of cognitive 
ability under different test specifications (Guo et al., 2025), few longi
tudinal studies have systematically investigated how variations in test 
formats and word-list complexity interact with participants’ education 
levels to influence recall scores and affect the reliability of estimated 
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educational differences in memory trajectories over time. Education has 
been shown to correlate with higher cognitive ability and is even used as 
a “convenience proxy” for cognitive reserve (Stern et al., 2020), mean
ing that higher educated people potentially have greater capacity to 
respond to more complex word lists and tighter test protocols. Accord
ingly, this study examines the role of education in measuring free recall 
under diverse test specifications and proposes an equating method to 
align word recall outcomes across differing designs for longitudinal 
analysis.

2. Background

2.1. Episodic memory and its measurement

Cognitive decline, often reflected in inefficient functioning of 
memory, attention, and reasoning, is most prominently observed 
through a deficit in episodic memory (Dickerson and Eichenbaum, 
2010). Such cognitive change is primarily attributed to normal aging 
among older adults, yet it is also caused by neurodegenerative diseases, 
including dementia, with Alzheimer’s disease constituting the leading 
cause (Livingston et al., 2024). Episodic memory is a long-term declar
ative memory system characterized by retrieving previously stored in
formation. Distinct from semantic memory, another component of 
long-term memory related to encyclopedic knowledge, episodic mem
ory—often described as “mental time travel”—refers to the cognitive 
ability to encode, store, and retrieve information about personal expe
riences (Tulving, 2002).

Behavioral and neuroimaging approaches represent two primary 
methods for assessing how normal and pathological aging influence 
episodic memory deficits. The behavioral approach, the focus of this 
study, involves episodic memory tasks measuring subjects’ performance 
in encoding, storage, and retrieval. Verbal memory tasks, also called 
word recall tests, are widely adopted in survey and clinical studies, in 
which subjects are given and asked to recall a list of words. Word recall 
typically declines gradually through normal aging and abruptly in early 
pathological aging and cognitive decline (Tromp et al., 2015). Two main 
types of word recall tests are used in specific scenarios, cued and free 
word recall. In cued recall tests, trained neuropsychologists provide 
visual cues to aid subject recall (Grober et al., 2010). In large-scale, less 
controlled studies, free word recall tests like the Consortium to Establish 
a Registry for Alzheimer’s Disease (CERAD) are commonly used 
(Fillenbaum et al., 2008). These typically involve immediate and 
delayed recall tests, the former being where subjects are asked to recall a 
list of words immediately after hearing them and the latter being a 
follow-up test where subjects are asked to recall the same word list after 
a short period of time.

The consistency of word recall designs is a major issue in studying 
cognitive decline and dementia over time and through longitudinal 
analyses. One key issue is whether word lists change across waves in 
longitudinal designs or remain the same has implications for their se
mantic complexity. On the one hand, ordering issues in word-list tasks, 
where lists with lower entropy (more ordered) yield better recall, are 
well documented (Melin et al., 2022a,b), and word list complexity 
further depends on lexical frequency: participants tend to recall 
high-frequency words more accurately than low-frequency ones, there
fore influencing overall task difficulty (Balota and Spieler, 1999). On the 
other hand, if the word list remains unchanged, its complexity may not 
remain stable, since respondents may obtain retest and learning benefits 
from repeating the same word list test over multiple waves - although 
such benefits usually appear in similarly structured environments rather 
than with identical content (Salthouse et al., 2004) and has also been 
partly explained by entropy in recent research (Melin et al., 2023).

A second key issue is that test protocols relating to practice trials are 
not always identical. The standard CERAD free recall test, for example, 
has three immediate recall trials before the delay test, providing sub
stantial practice and learning opportunities for respondents. The 

adapted version of CERAD used in the US Health and Retirement Study 
(HRS) has only one immediate test before the delayed recall test. 
Delayed recall depends on how much information participants encode 
correctly, which can increase through repeated practice (the learning 
effect) (Karpicke and Roedigeriii, 2007) and may be further shaped by 
word-list complexity.

2.2. Determinants of word recall test

Deficits in strategy, attention, and processing speed, occurring 
alongside and in conjunction with the aging process can contribute to 
performance gaps measured in word recall tasks (Anderson et al., 1998; 
Salthouse, 1996). The levels of processing framework suggests that 
establishing deep semantic links with words enhances recall perfor
mance (Craik and Tulving, 1975). Accordingly, successful word recall 
depends on encoding strategies that enrich information and facilitate 
retrieval of the semantic links through self-initiated processing (Tromp 
et al., 2015). Older adults often struggle with effective encoding stra
tegies compared to younger individuals, leading to insufficient encoding 
and retrieval failures (Shing et al., 2010). Normal aging also negatively 
affects spontaneous cue generation, further impairing memory recall 
(Dunlosky et al., 2005). However, individuals aging normally can still 
employ effective encoding strategies and benefit from environmental 
cues. In contrast, patients with Alzheimer’s Disease (AD) experience 
severe encoding deficits that hinder their ability to establish deep se
mantic connections (Monti et al., 1996). This impairment, coupled with 
retrieval-stage deficits, significantly reduces their ability to utilize se
mantic cueing in word recall tasks (Wagner et al., 2012).

2.3. Education and variability in measuring episodic memory

Neuroimaging and behavioral approaches reveal discrepancies in 
episodic memory measurement. Some people with AD pathology 
detected through neuroimaging nevertheless perform better than 
established cut-offs for impairment on cognitive tests, while others fall 
below (Katzman et al., 1988). Inter-individual variability is also 
observed within the same measurement approach, as differences in word 
recall performance may stem from factors beyond normal or patholog
ical aging (Gross et al., 2015). Cognitive reserve (CR) provides an 
explanation for these inconsistencies, reflecting the brain’s adaptability 
in mitigating the impacts of aging (Pettigrew and Soldan, 2019). As we 
explore in this study, such adaptability also potentially shapes the ca
pacity of individuals to respond to differences and variety in how word 
recall tests are administered. Although CR is not directly measurable, 
education is thought to be related to CR in important ways (Pettigrew 
and Soldan, 2019; Stern et al., 2020). Higher education levels are 
associated with enhanced episodic memory performance, evidenced by 
neuroimaging and behavioral studies. Neuroimaging research links 
advanced education to greater cortical thickness in aging-sensitive brain 
regions, suggesting structural resilience against age-related atrophy 
(Kim et al., 2015). This protective effect extends to episodic memory 
performance, potentially due to cognitive strategies developed through 
formal education (Manly et al., 2004). However, education’s protective 
role is complex: while it delays accelerated cognitive decline, its onset 
may progress more rapidly in highly educated individuals (Hall et al., 
2007). Recent longitudinal studies across diverse cultural settings have 
thus prioritized disentangling the relationship between cognitive prox
ies and cognitive decline trajectories (Du et al., 2023; Li et al., 2020).

Methodological challenges persist, particularly in cross-wave com
parisons. Variations in word-list complexity and test formats across 
longitudinal waves complicate efforts to measure education-related 
differences in cognitive trajectories and other cognitive research in 
longitudinal studies. The China Health and Retirement Longitudinal 
Study (CHARLS) serves as a prime example of how a longitudinal survey 
can feature variations in both word-list complexity and test formats 
across waves. Specifically, the HRS version of the CERAD test was 
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administered during Waves 1–3, whereas Waves 4–5 introduced the 
standard CERAD, which included additional practice trials and unfa
miliar word lists. Research using CHARLS data to examine cognitive 
health in a longitudinal context often treats word recall as a core 
outcome measure, applying diverse analytical approaches. Most studies 
use raw scores without adjustments (Cadar et al., 2023; Du et al., 2023; 
Li et al., 2020), even though mean delayed recall in Waves 4–5 is higher 
than in earlier waves (Wu et al., 2024). Others standardize recall scores 
via z-scores, further stratifying by education to screen for possible de
mentia (Chen et al., 2024; Zeng et al., 2025). However, such z-scoring 
can complicate longitudinal cognitive trajectory analyses, due to 
confounded frames of reference (Moeller, 2015), if participants’ per
formance is affected by shifting test specifications or if different in
dividuals are sampled across waves. A recent study used data from 
Waves 1 to 4 of (CHARLS), adopting equated word recall results to 
address changes in test specifications (Guo et al., 2025). This weighted 
equipercentile approach employed a two-stage method (Gross et al., 
2012): first, deriving an equating sample across waves with similar 
underlying ability, then using it to create the equipercentile algorithm, 
which was applied to the full dataset. The equated results better 
captured the cognitive trajectory, particularly between Waves 3 and 4 
(Wu et al., 2024). However, the mean immediate and delayed recall in 
Wave 5 remains higher than in Wave 4, suggesting room for further 
refinement of the CHARLS equating process, and additional exploration 
is needed to clarify the interplay between education, word-list 
complexity, and test forms.

Equating techniques would be likely enhanced by explicitly taking 
education into account. Some research suggests that semantically 
organized word lists provide a disproportionate advantage to older 
adults with higher education in English-speaking contexts, highlighting 
a potential spillover effect of education (Frick et al., 2022). Yet, the 
impact of word complexity in non-English contexts, particularly where 
content adaptations are absent, remains unexplored. Additionally, var
iations in test formats, including differences in the number of recall 
trials, as seen in CHARLS (Zhao et al., 2020), raise questions about 
whether and how education level moderates episodic memory measur
es—an area requiring further investigation.

This study examines how education influences episodic memory 
measurement across varying test formats and word-list complexities. We 
hypothesize that individuals with higher education deploy advanced 
strategies during multiple practice trials and handle complex word lists 
more effectively through deeper semantic encoding. Consequently, al
terations in test form and complexity may differentially affect measured 
cognitive health across education levels. After testing this hypothesis, 
we adapt Gross et al.’s (2012) equating approach to produce harmo
nized word-recall scores that remove changes in test form and 
complexity for longitudinal research in CHARLS. Our innovation har
nesses findings from our hypothesis testing to enhance the validity and 
robustness of the equating technique by: (a) accounting for the hy
pothesized interacting effects of education with test form and 
complexity, and (b) exploiting the relative consistency of 
immediate-recall test form across waves while addressing shifts in 
word-list complexity.

3. Methodology

3.1. Dataset and study sample

The China Health and Retirement Longitudinal Study (CHARLS) is a 
nationally representative longitudinal survey targeting adults aged 45 
and older, along with their spouses in China. The initial sample was 
selected through multistage probability sampling, with biennial follow- 
ups. The CHARLS survey instrument aligns with the Health and 
Retirement Study (HRS) model (Zhao et al., 2014). From Wave 4 (2018), 
CHARLS incorporated the Harmonized Cognitive Assessment Protocol 

(HCAP) to facilitate international and cross-study comparisons of 
cognitive health among older adults (Gross et al., 2023).

This study utilized CHARLS data from Waves 1 to 5, giving a sample 
size of 23951 respondents. Respondents younger than 45 or those who 
partially completed or abandoned the episodic memory test were 
excluded from the analysis. A flowchart detailing the sample selection 
process is provided in Fig. S1.

3.1.1. Key variables
Episodic memory was assessed using word recall tasks. In the im

mediate word recall task, respondents repeated 10 Chinese words read 
to them. After a short delay, respondents were asked to recall as many 
words as possible, referred to as delayed word recall. As explained 
above, the HRS version of the CERAD protocol was used in Waves 1 to 3, 
which included only one trial for immediate word recall, while the 
standard CERAD was adopted for Waves 4 and 5, which allows three 
trials before the delayed recall test. The shift in test format ensured 
alignment with international cognitive assessment protocols and facili
tated cross-study comparisons of episodic memory performance (Zhao 
et al., 2020) but hampers longitudinal analysis.

The scores for ‘immediate word recall’ and ’delayed word recall’ 
ranged from 0 to 10, with 1 point awarded for each correct recall and 
0 for incorrect recalls. Only the first trial of ’immediate word recall,’ 
completed without prior practice, was recorded in each wave. This 
approach provided some reliability and consistency in the ’immediate 
word recall’ measure across waves. The complexity of the word list, 
however, varied across waves because Waves 1–3 used four randomly 
assigned lists of commonly used Mandarin words, whereas Wave 4 
introduced unfamiliar items (e.g., ‘butter’ and ‘queen’) for older adults 
in China, repeating them in Wave 5 (See Table S1).

Education was categorized based on the highest educational attain
ment reported by respondents: (1) illiterate or incomplete primary 
school, (2) completed primary school but not high school, and (3) 
completed at least high school. This classification, rather than a binary 
division into ’literate’ and ’illiterate,’ aimed to observe the impact of 
increasing educational attainment on episodic memory performance 
and to divide the sample into approximately equal groups for analysis.

Wave serves as an explanatory variable that captures both word-list 
complexity and test-form differences across Waves 1–5 of CHARLS. 
Wave 5 serves as the reference category, creating four dummy variables 
(Waves 1, 2, 3, and 4). We posit that this variable is a proxy for any 
changes in the word recall test. An effect of these test changes on 
measured cognitive health is indicated if wave remains a significant 
predictor of recall scores after controlling for other explanatory and 
control variables.

Although all waves used the same test form for the immediate test, 
they employed different word lists. Consequently, significant associa
tions between the wave dummies and immediate-recall scores are 
interpreted as changes in word-list complexity. For the delayed test, 
form differences arose specifically between Waves 3 and 4, whereas 
Waves 1–3 and Waves 4–5 shared identical formats (See Table S1). 
Hence, significant associations for Waves 1–3 (relative to Wave 5) are 
attributed to complexity or test-form effects, while Wave 4’s significance 
is interpreted as shifting word-list complexity between Waves 4 and 5.

3.2. Statistical analysis

3.2.1. Regression analysis of word recall test changes
We employed a random intercept model to examine the differential 

impact of test specifications on measured episodic memory performance 
across education levels. This multi-level model separates residual vari
ation into within-group (level 1) and between-group (level 2) compo
nents. In our analysis, measurement records (person-year) were treated 
as level 1 and respondents (denoted by ‘ID’) as level 2.

We conducted two random intercept models to analyze the outcomes 
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of immediate and delayed word recall. Model 1 for immediate recall is 
specified as follows:  

Where i indexes repeated measurements (Level 1), j indexes individuals 
(Level 2), and represents the within-person residual. captures person- 
specific deviation from the overall intercept, assuming a normal 
distribution.

Model 2 for delayed recall was constructed similarly to Model 1, with 
the inclusion of the immediate recall score as a control variable: 

Delayij=β0+u0j+β1
(
Immediateij

)
+β2

(
ageij

)
+β3

(
age2

ij

)
+β4

(
genderj

)

+β5
(
educationj

)
+β6(Wavei)+β7

(
educationj×Wavei

)
+εij 

As explained, ‘Wave’ is treated as a proxy for the administration and 
difficulty of the word recall test. In Model 1, Wave is assumed to reflect 
word list difficulty, while in Model 2, Wave may reflect word list diffi
culty and/or the number or trials (test form) before the immediate test. 
The interaction between education and Wave is assumed to reflect the 
differential effect of the test specifications across education groups.

3.2.2. Equating word list recall scores across waves
We adapted the two-stage approach proposed by Gross et al. (2012)

to equate word recall scores in CHARLS. Our objective here was to 
derive a revised set of word recall test scores in Waves 1 to 4 that 
removed the effect of test administration and made them comparable to 
Wave 5 scores. Wave 5 was chosen as the reference wave as this wave is 
governed by the CERAD form and facilitates easier comparison of 
equated data with future waves, which are likely to continue using the 
standard CERAD form rather than the HRS-adapted version.

The Gross et al. (2012) approach is based on equipercentile equating. 
In our context, equipercentile equating involves calculating the 
percentile rank of each participant’s word recall test score in each wave 
and then adjusting each individual score to match what their score 
would be in Wave 5 if they had the same percentile rank. For example, if 
a score gave an individual a rank of 25th percentile in Wave 1, that raw 
score would be revised to the score that corresponds to the 25th 
percentile in Wave 5. If the 25th percentile was a score of 5 in Wave 1 
and 10 in Wave 5, the Wave 1 score would be revised upwards from five 
to 10. The problem with this approach in its basic form is that it assumes 
that underlying cognitive performance remains constant between 
waves, where in fact it is likely in a longitudinal context that factors like 
biological aging have contributed to cognitive decline.

We adopted the idea of a two-stage approach to control for aging. 
The first stage aimed to define sub-samples in each wave. Respondents 
were included in sampling frames if they remained in the same quartile 
of total word recall scores in Wave 5. These individuals were then 
stratified into ten-year age groups and randomly selected into final 
subsamples, with age distributions matching the waves being equated 
(Waves 1–4). During sampling, respondents were divided by their 
educational levels. This subsampling ensured that the equating algo
rithm accounted for the hypothesized interacting effect of test specifi
cations and education. When identifying respondents with consistent 
episodic memory performance between targeted waves, comparisons 
were made within their respective educational levels, rather than across 
all levels. In the second stage, we derived equipercentile equating al
gorithms and applied them to the full sample. The overall word recall 

test (immediate + delayed recall) in Wave 5 was treated as the reference 
test. To find the equipercentile equivalent of Wave 1 scores in the Wave 

5 scale, the percentile rank of scores in Wave 1’s distribution was 
identified, and the corresponding score in the Wave 5 distribution was 
determined (Kolen and Brennan, 2014).

Despite the strengths of equipercentile equating, the approach rests 
on the strong assumption that respondents maintain consistent episodic 
memory function between waves (albeit after stratifying by age and 
education), and the order of waves does not affect their scores (Kolen 
and Brennan, 2014). To relax this assumption further and strengthen the 
robustness of the equating process, we propose to combine equi
percentile equating with frequency estimation in what is known as fre
quency estimation in common-item non-equivalent groups. In our 
context, the idea is that we can equate scores across waves even among 
very different groups of respondents by utilizing a common set of 
questions or an anchor test that is consistently administered across 
survey waves. The strength of this approach is that rather than equating 
scores where we have to assume that our groups are the same across 
waves, we can equate on the basis of equivalent responses to the com
mon items. In this study, we propose utilizing the results of the imme
diate recall test as the anchor test.

The analytical process of frequency estimation is similar to standard 
equipercentile equating. The main difference is that in frequency esti
mation, we perform equipercentile equating on synthetic cumulative 
distributions rather than the observed distributions in each wave. 
Adapting the steps set out by Kolen and Brennan (2014), we create two 
synthetic distributions for each pair of waves, 1 and 5, 2 and 5, 3 and 5, 
and 4 and 5. For the Wave 1 and 5 pair, the first distribution comprises 
total recall scores against the Wave 1 test form, combining the actual 
scores of Wave 1 respondents with predicted scores of Wave 5 re
spondents on the Wave 1 test form, given their observed scores on the 
immediate recall test: 

fs(t1)=0.5 (f1(t1)+ f1(t1 |v)h5(v))

is the cumulative distribution of total word recall scores for Wave 1 
respondents on the Wave 1 test, ; is the cumulative distribution of scores 
that we predict Wave 5 respondents would have scored if they took the 
Wave 1 test. Predicted scores are calculated by taking Wave 5 re
spondents’ observed scores on the immediate recall test, and multi
plying them by the observed relationship between the immediate and 
total recall scores among Wave 1 respondents, . We create the synthetic 
distribution by taking the average of these distributions.

The second distribution comprises total recall scores against the 
Wave 5 test form. The calculation is the same as for the first distribution 
except in reverse, combining the actual scores of Wave 5 respondents 
with the predicted scores of Wave 1 respondents on the Wave 5 test 
form: 

fs(t5)=0.5
(
f5(t5)+ f5(t5 |v)h1(v)

)

We then perform equipercentile equating on the synthetic distribu
tions, calculating percentile ranks for individual scores in each distri
bution and then revising each Wave 1 respondents’ scores by finding the 
percentile rank on the Wave 5 synthetic distribution - and its corre
sponding total recall score - that matches their percentile rank on the 
synthetic Wave 1 distribution.

Having introduced the two designs for equating - single item 

Immediateij = β0 + u0j + β1

(
ageij

)
+ β2

(
age2

ij

)
+ β3

(
genderj

)
+ β4

(
educationj

)

+β5(Wavei)+ β6
(
educationj ×Wavei

)
+ εij 
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equipercentile equating and frequency estimation in common-item 
nonequivalent groups - the decision on which design to adopt depends 
on the compatibility of the test forms with the assumptions of each 
design. As mentioned, the single-group design has stricter assumptions 
about the sample. While respondents in the sample may have the same 
rank of word recall scores across waves, their true episodic memory 
function may differ in unobserved ways. In contrast, the common-item 
nonequivalent groups design has less restrictive assumptions about the 
sample but introduces an additional assumption requiring that the im
mediate recall test is delivered consistently in administration and con
tent, including in relation to word list difficulty.

The key limitation in using the immediate recall test as the common 
items is that word lists changed across waves and as already explained, 
likely resulted in changes in their complexity. A potential solution is to 
apply frequency estimation only to waves with minimal anchor-test 
complexity variation (Liu et al., 2011a, 2011b), which the regression 
model we constructed above identifies by determining waves with 
similar complexity. Consequently, the common-item nonequivalent 
groups design is adopted if there is minimal variability in word list 
difficulty between targeted waves. Otherwise, the single-group design 
would be chosen to ensure methodological appropriateness.

3.2.3. Constructing trajectories of cognitive test scores
Line graphs illustrating predicted mean scores over time were 

generated to compare the trajectory of both equated and raw outcomes 
on the word recall test. Utilizing previous results, we identify our pro
posed equating method and compare the resulting trajectories against 
those produced through other equating approaches, including equi
percentile equating in single-group designs and frequency estimation in 
non-equivalent groups with and without stratifying by education. Pre
dicted scores were estimated via a random-intercept model that 
included wave, education, and age group (younger than 65 vs. 65 or 
older), plus their interactions, with random intercepts for participants to 
account for individual-level variability. We also fit latent growth curve 
models to raw and equated scores, allowing us to calculate the model fit 
statistics, the root mean square error of approximation (RMSEA) and the 
comparative fit index (CFI). As our approach involves fitting the same 

model to different sets of underlying data rather than the conventional 
application of testing different models on the one dataset, our model fit 
statistics do not tell us which is the best equating approach. Rather, they 
provide insights as to which approach provides the basis for well-fitting 
models that potentially pave the way for further research and greater 
understanding of cognitive health trajectories, their determinants and 
consequences.

4. Results

4.1. Sample characteristics

In total, 75,404 person-years were included in the study, with gen
eral characteristics across waves presented in Table 1. Respondents with 
low educational attainment comprised a larger portion of the sample. As 
educational attainment levels increased, the sex ratio reversed, with 
males more likely to achieve higher education.

Immediate recall scores showed a steady decline from Wave 1 to 
Wave 3, followed by a significant drop in Wave 4 and a rebound in Wave 
5. Delayed recall scores similarly declined from Wave 1 to Wave 3 but 
were followed by two consecutive increases. This trend was consistent 
across educational levels, except for respondents with high educational 
attainment. Notably, in each wave, respondents with higher educational 
attainment consistently achieved higher scores in both immediate and 
delayed word recall tests, highlighting the positive association between 
education and memory performance.

4.2. Predicting the impact of changes in word list complexity and test form

The stage one regression results are shown in Table 2. As indicated by 
the Intraclass Correlation Coefficients (ICC), 30 % and 13 % of the un
explained variation in Immediate and Delayed recall test scores, 
respectively, are due to unexplained differences within individuals 
across waves. In Model 1 for Immediate recall, the difficulty of the word 
list varies across waves after controlling for fixed effect covariates and 
unexplained variation in random effects. Specifically, the coefficient for 
Wave 4 (− 0.619) indicates that the word list administered in Wave 4 

Table 1 
Basic characteristics of participants by education levels, CHARLS, Wave 1 to Wave 5.

Characteristics 2011 2013 2015 2018 2020

a. Low Education
Age at survey

Mean (SD) 60.8 (9.79) 61.5 (9.57) 61.3 (9.95) 62.9 (9.5) 64.8 (9.24)
Female (%) 4055 (66.5) 4407 (66.7) 4857 (66.5) 3159 (67.5) 4308 (69.2)
Immediate word recall ​ ​ ​ ​ ​
Mean (SD) 3.53 (1.58) 3.37 (1.72) 3.24 (1.72) 2.38 (1.83) 2.84 (1.68)

Delayed word recall
Mean (SD) 2.77 (1.59) 2.53 (1.90) 2.20 (1.91) 3.02 (2.61) 3.91 (2.51)

Total Counts (%) 6094 (44.9) 6612 (44.4) 7299 (41.2) 4677 (34.7) 6223 (39.5)
b. Medium Education
Age at survey

Mean (SD) 56.7 (8.85) 57.5 (9.04) 57.1 (9.57) 59.5 (9.27) 61.1 (9.08)
Female (%) 2378 (41.4) 2712 (42,1) 3446 (42.3) 2914 (43.4) 3226 (43.8)
Immediate word recall ​ ​ ​ ​ ​
Mean (SD) 4.39 (1.58) 4.42 (1.63) 4.33 (1.65) 3.79 (1.78) 3.92 (1.56)

Delayed word recall
Mean (SD) 3.56 (1.76) 3.56 (1.90) 3.34 (1.94) 5.32 (2.41) 5.54 (2.19)

Total Counts (%) 5743(42.2) 6443 (43.3) 8152 (46.0) 6727 (49.9) 7368 (46.8)
b. High Education
Age at survey

Mean (SD) 55.6 (8.74) 56.6 (8.40) 56.7 (9.05) 59.0 (8.76) 60.7 (8.27)
Female (%) 665 (38.0) 665 (36.5) 816 (35.9) 785 (38.0) 806 (37.3)
Immediate word recall

Mean (SD) 5.18 (1.60) 5.26 (1.62) 5.21 (1.61) 4.47 (1.66) 4.62 (1.52)
Delayed word recall

Mean (SD) 4.31 (1.82) 4.44 (1.93) 4.23 (1.87) 6.27 (2.17) 6.35 (2.06)
Total Counts (%) 1749(12.9) 1824 (12.3) 2270 (12.8) 2065 (15.3) 2158 (13.7)

Note: CHARLS: China Health and Retirement Longitudinal Study; SD: standard deviation.
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was the most challenging for low-educated people, while Wave 5 was 
slightly harder but comparable to other waves (Wave 5: baseline; Wave 
1: 0.518; Wave 2: 0.393; Wave 3: 0.249). Education was significantly 
associated with Immediate recall scores, with individuals with higher 
education outperforming their lower-educated counterparts in Wave 5 
(Education Low as baseline vs. Education High: 1.659). Significant in
teractions between the high-education level and wave suggest that 
changes in word-list difficulty were moderated by education, whereas 
this effect may not apply to individuals with a medium-education level 
in Waves 2 and 3. Higher-educated respondents performed relatively 
better with the more challenging Wave 4 word list, widening the per
formance gap. For instance, if tested in Wave 1 (the easiest word list), 
the gap between the highest and lowest education levels was 1.513. 
Conversely, in Wave 4 (the most difficult word list), the gap widened to 
2.045.

In Model 2 for the Delayed recall test, the coefficient of Wave steadily 
declined in the first three waves (− 1.730, − 1.841, − 2.087) and rose in 
the last two waves (− 0.629, 0). Thus, in test forms with more practice 
opportunities (Waves 4 and 5), the coefficient of Wave was significantly 
higher compared to those with only one practice opportunity (Waves 
1–3), irrespective of word list difficulty.

Education is also associated with delayed recall performance. High 
and medium educated individuals performed significantly better on the 
delay test in Wave 5, indicated by the main effects of education in Model 
2 of Table 2. Notably, the interaction between education level and Wave 
was also significantly associated with delay test scores. Specifically, in 

Wave 4, with a more difficult word list but more practice opportunities, 
individuals with higher educational attainment performed better, 
widening the performance gap. Similarly, in Wave 5, with the same 
practice opportunities but a comparable word list in terms of difficulty 
Waves 1–3, higher educated people also performed better.

Fig. 1 illustrates the predicted Delayed recall scores for males in each 
wave, controlling for age (set to 70) and immediate recall score (set to 
the mean). The lines show predicted delay scores by wave and education 
level. The columns show the predicted difference or gap in delayed 
recall scores between highly educated and low-educated respondents. 
The gap is predicted to widen from 0.5 points in Wave 3 to 1.7 points in 
Wave 4. Thus, higher educated people are predicted to benefit more in 
test forms with more practice opportunities (Wave 4 and Wave 5). The 
significant decline in the education gap to Wave 5 (from 1.7 to 1.1 
points) suggests that within the same test form, respondents with low 
educational attainment were more negatively impacted by increased 
word list difficulty than their higher-educated counterparts. The 
measured score gap widens in test forms with more practice opportu
nities and increases further with more challenging word lists, reflecting 
differences in the measurement of performance rather than true ability.

4.3. Equating and predicting total word recall scores

The regression analysis suggests that changes in the word recall test 
measurably affected raw scores, and this was significantly moderated by 
education. Incorporating education into the equating process is thus 
warranted to account for this differential effect. The results also suggest 
that the apparent consistency of the immediate word recall test was 
interrupted by changes in the Wave 4 content. Thus, while treating the 
immediate test as a set of common items between some wave pairs, it is 
not appropriate for equating Wave 4.

We therefore implement a hybrid equating approach. Specifically, 
we use frequency estimation with the immediate test as a common item 
to equate scores from Waves 1–3 to Wave 5, then apply standard equi
percentile equating for Wave 4 to Wave 5. The sample sizes used for 
equating are shown in Table S5. Fig. 2B shows the results based on 
equating each education group separately, while Fig. 2D shows the re
sults based on equating over all education groups. We also contrast these 
results with raw, un-equated outcomes (2A) and with standard equi
percentile equating lacking education-based stratification (2C).

The hybrid frequency estimation approaches are likely to effectively 
capture declining word scores over time, a potential indicator of 
cognitive decline (though noting that there is not necessarily a linear 
relationship between raw scores and cognitive decline). In un-equated 
data (Fig. 2A), predicted word recall scores were higher after a nine- 
year gap across all age and education groups, echoing patterns in 
Fig. 1 and raising concerns about measurement reliability. Equi
percentile equating without education subgroups (Fig. 2C) exhibited 
similar issues, as predicted trajectories rarely declined, contradicting 
known aging effects. Both hybrid approaches (Fig. 2B and D) yielded 
generally downward-trending scores, although patterns differed by ed
ucation level. Specifically, for high-education groups, stratified equating 
produced an initial sharp decline followed by a plateau, while the 
method without education sub-groups produced a steady decline. This 
pattern was reversed for low-education groups. While we do not know 
which is closer to the true underlying pattern of cognitive performance, 
significant interactions between test form and education (Table 2) un
derscore the need to incorporate education into equating approaches.

The hybrid frequency estimation approaches also allow for better- 
fitting latent growth curve models. The un-equated data exhibited 
non-linear changes, leading to relatively poor fitting models (RMSEA =
0.103; CFI = 0.915). All equating methods allowed for better model fit. 
The hybrid approach with education sub-groups enabled a model with 
the best fit (RMSEA = 0.040; CFI = 0.986), followed by equipercentile 
equating with education sub-groups (RMSEA = 0.044; CFI = 0.983) and 
hybrid frequency estimation without education (RMSEA = 0.049; CFI =

Table 2 
Random intercept model results for Immediate and delay word recall scores.

Variables Model 1 (Immediate) Model 2 (Delay)

Coefficient (95 %CI)

Fixed effect
Intercept 3.028 (2.574, 3.481) *** 3.142 (2.718, 3.567) ***
Immediate word 

recall
​ 0.713 (0.706, 0.729) ***

Age 0.040 (0.026, 0.055) *** − 0.012 (− 0.025, 0.002).
Age^2 − 0.001 (− 0.001, 0.000) *** − 0.0001 (− 0.0002, 0.000) 

*
Gender (Ref. Male) 0.127 (0.095, 0.159) *** 0.066 (0.038, 0.093) ***
Education (Ref. Low)

Medium 0.955 (0.900, 1.009) *** 0.772 (0.717, 0.826) ***
High 1.659 (1.581, 1.738) *** 1.077 (0.998, 1.156) ***

Wave (Ref. Wave 5)
Wave 1 0.518 0.467, 0.569) *** − 1.730 (− 1.784, − 1.677) 

***
Wave 2 0.393 (0.344, 0.442) *** − 1.841 (− 1.893, − 1.789) 

***
Wave 3 0.249 (0.202, 0.296) *** − 2.087 (− 2.138, 2.036) ***
Wave 4 − 0.619 (− 0.672, − 0.566) 

***
− 0.629 (− 0.686, − 0.572) 
***

Interaction of Wave x Education (Ref. Wave 5 x Low)
Wave 1 x Medium − 0.216 (− 0.285, − 0.146) 

***
− 0.698 (− 0.772, − 0.623) 
***

Wave 1 x High − 0.146 (− 0.248, − 0.043) 
**

− 0.839 (− 0.948, − 0.729) 
***

Wave 2 x Medium − 0.022 (− 0.089, 0.045) − 0.583 (− 0.656, − 0.511) 
***

Wave 2 x High 0.094 (− 0.005, 0.194). − 0.619 (− 0.726, − 0.512) 
***

Wave 3 x Medium 0.021 (− 0.043, 0.085) − 0.514 (− 0.583, − 0.445) 
***

Wave 3 x High 0.186 (0.092, 0.280) *** − 0.557 (− 0.658, − 0.456) 
***

Wave 4 x Medium 0.389 (0.319, 0.458) *** 0.452 (0.376, 0.527) ***
Wave 4 x High 0.386 (0.288, 0.485) *** 0.595 (0.489, 0.702) ***

Random effect
ID 0.7815 0.3291
ICC 0.3000 0.1320
AIC 278873.3000 281608.4000

Note: 95 % confidential intervals are in parentheses. ***p < 0.001, **p < 0.01, 
*p < 0.05, .p < 0.1.
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0.981). The full set of latent growth curve model results are provided in 
the online Supplementary Material (Table S3).

5. Discussion

Our study underscores the influence of education on word recall 
measurement within the quasi-experimental design observed in the 
CHARLS. Our findings indicate that education exerts a strong effect on 
episodic memory assessment, as test specifications—including word list 
complexity and test form—interact with participants’ education level 
and thus shape the performance gap between those with higher and 
lower educational attainment. Specifically, when complexity remains 
consistent, participants across all educational levels tend to score higher 
under test forms offering more practice opportunities. However, these 
gains are uneven: those with higher education benefit more signifi
cantly, widening the performance gap. Conversely, if the test form re
mains unchanged, participants with lower educational attainment prove 
more vulnerable to variations in word list complexity, resulting in 
notably lower scores on more challenging lists. Meanwhile, those who 
have completed at least primary school appear less affected by such 
complexity.

We suggest that the presence of a semantic link, along with more 
effective encoding strategies, helps explain why education exerts an 
additional influence on word recall measurements. First, the complex 
version of the word list—lacking local adaptation—may hinder partic
ipants with lower education from forming semantic links crucial for 
establishing retrievable memory traces (Craik and Tulving, 1975). This 
obstacle stems from cultural gaps, particularly for older adults in China 

who have minimal foreign-language exposure and encounter Western 
items like “Butter” or “Queen” in CHARLS Wave 4. In contrast, those 
with greater schooling often receive English-language education, mak
ing them more familiar with such items. Language learning background, 
as indicated by higher education, thus plays a key role in bridging cul
tural references (Hossain, 2024). Moreover, individuals with more 
schooling can implement sophisticated encoding strategies, especially in 
repeated retrieval settings proven to support long-term retention 
(Karpicke and Roedigeriii, 2007). Considering that they are accustomed 
to such environments, their performance gains from practice are 
amplified by employing more effective encoding strategies, further 
magnifying the measurement gap.

Our study proposes an equating method to address differences in test 
specifications across waves, taking into account education’s impact on 
word recall measurement. We examine different sets of raw and equated 
scores, including those from alternative equating approaches. While we 
cannot say which method most closely approximates the unmeasured 
truth, our analysis of cognitive trajectories helps to determine their 
plausibility and utility for longitudinal research. Wu et al.’s (2024)
recent study also applied equipercentile equating through a two-stage 
process and were likewise successful in producing more plausible tra
jectories. Nevertheless, they produce a significant and counter-intuitive 
uptick in recall scores between Waves 4 and 5. By incorporating edu
cation into our equating approach and utilizing frequency estimation, 
we are able to address this problem and build on existing literature. 
Compared with applying equipercentile methods across all waves, fre
quency estimation in a non-equivalent design—mainly employed in our 
Wave 1–3 equating—offers a more feasible theoretical assumption and 

Fig. 1. Predicted Delayed Recall Scores by Wave and Education Level, Estimated by Random Intercept Model 
Note: Gender is set as male, age is fixed at 70, and the immediate recall score is held at the mean. The shaded area around the line and the error bars indicates the 95 
% confidence interval. The bar chart also shows the predicted gap in delayed recall scores between respondents with high and low education levels.
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better equated outcomes. Specifically, frequency estimation relies on 
similar ‘content specifications’, referring to comparable word list 
complexity, rather than presuming an identical underlying ability across 
tested populations (Kolen and Brennan, 2014). Thus, if future CHARLS 
waves maintain analogous word list complexity to Waves 1–3 and 5 and 
preserve the standard CERAD test form, their raw scores could be 
analyzed in tandem with equated results without further equating. 
Finally, applying equipercentile equating to Wave 4 with Wave 5 as the 
reference accounts for potential differences in word list complexity 
stemming from retest effects, thereby facilitating cross-wave compari
sons. Survey attrition may potentially limit equipercentile equating, 
particularly by undermining sample representativeness when 

participants drop out. However, frequency estimation remains robust: 
the relationship between delay and immediate recall scores still holds 
after accounting for attrition (Table S6b), notably mitigating this 
concern.

Nevertheless, this study has certain other limitations. In analyzing 
the interacting effects of education and test administration on immedi
ate and delayed recall scores, we used the survey wave as a proxy for test 
administration. Although we control for age and potential curvilinear 
impacts of aging, the survey wave nevertheless potentially conflates the 
effects of test administration with more complex effects of aging and 
other time-varying factors. Thus, we cannot determine with any cer
tainty that the main and interacting associations between wave and 

Fig. 2. Trajectories of Predicted Equated and Raw Word Recall Scores, Estimated by a Random Intercept Model 
Note: A 95 % confidence interval is provided for each predicted score point.
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cognitive scores reflect administration effects. As discussed in the paper, 
the administration effects are themselves comprised of at least two is
sues, changes in the content and difficulty of the word list and changes in 
the number of practice tests administered before the delay test. While we 
can exploit aspects of test administration to an extent to infer the po
tential contributing effects of each, we lack a rigorous experimental 
design. Specifically, we lack a comparison wave in which a word list is 
administered with high complexity alongside only one practice trial, 
potentially questioning the logical basis for inferring complexity effects 
in limited practice conditions. Moreover, since CHARLS provided com
plete comparisons exclusively for multiple-practice forms, extrapolating 
these results to single-trial test form remains tentative, limiting the 
external validity of our findings. Finally, our analysis also did not 
examine word placement and its effect on recall, known as serial posi
tion effects (SPEs), which serve as a marker of neurodegeneration (Melin 
et al., 2022; Weitzner & Calania, 2020). Future studies should investi
gate potential interactions between SPEs and the test specifications 
assessed here within the present study.

Our proposed equating method has several limitations. First, the 
approach uses frequency estimation for Waves 1–3 and equipercentile 
for Wave 4. As equipercentile equating presumes identical underlying 
ability in test-taking populations, we addressed this theoretical concern 
through the two-step process, selecting participants for the equating 
algorithm who maintained the same score rank across both waves in the 
process of sample construction and maintaining the same age distribu
tion across waves. However, critics might argue that other time-varying 
factors could shift cognitive performance and bring into question the 
comparability of the sub-samples used for equating. The use of fre
quency estimation to equate Waves 1–3, meanwhile, rests on the 
assumed consistency in the administration of the immediate recall test, 
where we know in fact that the word list content was different in Wave 5 
(albeit with muted measured effects on performance). Second, our 
method focuses exclusively on the influence of education, one conve
nience proxy for cognitive reserve, in measuring word recall. Other 
proxies, such as social engagement and healthy lifestyles, may also 
shape test specifications by allowing older adults to devote more 
attention during encoding and retrieval (Stern et al., 2020).

Finally, the non-linearity observed in the prediction analysis of 
equated scores may reflect cognitive reserve yet might also stem from 
limitations of Classic Test Theory (CTT), which assumes performance 
scores function as interval-level data. As scores approach the upper or 
lower scale bound, this non-linearity challenges the validity of episodic 
memory trajectories. To mitigate this counted-fraction phenomenon, 
future studies should integrate equating methods with modern mea
surement theories such as the Rasch model, which has addressed 
ordering issues in word recall tasks (Melin et al., 2022a,b; Pendrill, 
2018). By combining these frameworks, researchers can improve overall 
measurement precision of episodic memory and more rigorously test the 
validity of cognitive reserve across diverse test formats.

6. Conclusion

Population aging across the world will bring degenerative diseases, 
most especially dementia and cognitive impairment, to the forefront of 
public health policy and research in coming decades. While the body of 
research in the United States and Europe continues to grow, China 
stands out as a country at the beginning of a period of rapid population 
aging and a growing burden of dementia (Liu et al., 2024; United Na
tions Population Division, 2024). This underlines the importance of 
high-quality longitudinal data such as CHARLS, in quantifying this 
burden, its correlates and causes, and informing policy to prevent and 
manage its personal and societal impacts. To fully harness its capabilities 
and draw meaningful and reliable insights, however, we need strategies 
to ensure that the information fed into longitudinal analyses is consis
tent across time.

While work is well underway to ensure consistency in CHARLS, our 

study points to ways in which this can be further strengthened. Our 
study illustrates how education shapes the measurement of episodic 
memory, specifically through the word recall test. The measured 
outcome varies with two main test-specification factors influenced by 
respondents’ education. Specifically, when the word list is more 
demanding, or the test form provides multiple trials, the performance 
gap between higher and lower educated participants widens. Drawing 
on our empirical findings, we propose an equating method to facilitate 
longitudinal studies where word recall tests use different specifications. 
Our approach accounts for education’s impact while highlighting a role 
for frequency estimation in strengthening the equating solution. We 
suggest that frequency estimation should be employed between waves 
sharing similar word-list complexity, whereas equipercentile equating is 
more suitable when complexity differs substantially. Future research 
should explore whether additional cognitive reserve proxies, such as 
social integration or healthy lifestyles, also contribute to variability in 
measuring episodic memory across various test specifications.
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