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Structural differences 
in the semantic networks 
of younger and older adults
Dirk U. Wulff 1,2*, Thomas T. Hills 3 & Rui Mata 1,2

Cognitive science invokes semantic networks to explain diverse phenomena, from memory retrieval to 
creativity. Research in these areas often assumes a single underlying semantic network that is shared 
across individuals. Yet, recent evidence suggests that content, size, and connectivity of semantic 
networks are experience-dependent, implying sizable individual and age-related differences. Here, 
we investigate individual and age differences in the semantic networks of younger and older adults 
by deriving semantic networks from both fluency and similarity rating tasks. Crucially, we use a 
megastudy approach to obtain thousands of similarity ratings per individual to allow us to capture 
the characteristics of individual semantic networks. We find that older adults possess lexical networks 
with smaller average degree and longer path lengths relative to those of younger adults, with older 
adults showing less interindividual agreement and thus more unique lexical representations relative to 
younger adults. Furthermore, this approach shows that individual and age differences are not evenly 
distributed but, rather, are related to weakly connected, peripheral parts of the networks. All in all, 
these results reveal the interindividual differences in both the content and the structure of semantic 
networks that may accumulate across the life span as a function of idiosyncratic experiences.

Semantic networks are a form of knowledge representation that represent relations between items, such as 
concepts, using a graph-type system consisting of nodes and their interconnections. Such networks have been 
postulated as the representational basis of our cognitive  system1–3 and are, therefore, an integral part of promi-
nent models of  memory4,  reasoning5, and  creativity6,7. Past work has often made the simplifying assumption 
that a common semantic network can be used to understand human semantic  cognition4,5,8–11. This assump-
tions is implicit, for instance, in efforts to model retrieval from  memory12, judgments of  relatedness13, or deci-
sion  making14 using large-scale word vector spaces and free-association networks. However, general theories 
of learning and  development15,16, as well as empirical  findings17–19, suggest that semantic networks could vary 
considerably between individuals and across the life span. Crucially, researchers now seem to agree that under-
standing experience-dependent changes and individual variation in cognition is an important frontier for the 
science of  aging20.

Aging research has made significant progress in the past decades in quantifying age-related changes in seman-
tic cognition, including large increases in the size of the knowledge-store across adult development, perhaps best 
documented in the large differences in vocabulary size across the adult life  span21,22. More recently, however, 
research suggests that individual learning and life span development can also lead to changes in the structure 
of human  knowledge23–25. For example, recent efforts have used data from large-scale free-association studies 
to show that older adults’ semantic networks are less connected, efficient, and structured relative to those of 
younger  adults12,18.

Quantifying individual and age differences in the size and structure of human knowledge is important because 
this can help identify the sources underlying cognitive changes in later life. Older adults tend to perform worse 
on a broad set of cognitive tasks, and such findings are commonly attributed to a decline in fluid cognitive 
 abilities26,27. However, changes in the size and structure of the knowledge representation can masquerade as 
changes in fluid cognitive abilities, which may be sometimes difficult to  disentangle9. Moreover, many have 
argued that changes in the underlying size and structure of representations contributes directly to age differences 
in cognitive performance, for example, due to activation-spreading across many targets in memory (fan  effect28) 
or difficulties in discrimination learning between many similar  items16. Consequently, it has been proposed that 
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it is important to understand the links between the size and structure of human knowledge and individual and 
age differences in fluid abilities (e.g.,25).

One first step needed to understand the contribution of semantic networks to age differences in cognitive 
performance is to document the changes in the size and structure of semantic networks across the life span. The 
few existing studies comparing the semantic networks of younger and older adults have used different elicitation 
methods to extract only aggregate-level networks of younger and older adults, while also focusing on different 
parts of the semantic network. In the present study, we seek to address the shortcomings of existing efforts to 
document potential life span differences in the structure of semantic networks in several ways (see Fig. 1).

First, we investigate age differences in the size and semantic network structure for aggregates of younger and 
older groups obtained from a semantic fluency task (e.g., “Name all animals you can”). Semantic fluency tasks 
are typically employed to measure fluid cognitive abilities, for instance, in screening instruments for age-related 
cognitive pathology (e.g., Alzheimer’s  disease29). We study age differences in this paradigm under different con-
ditions: Our analyses of the semantic structure of fluency productions are the first to include age comparisons 
using different semantic categories (animal vs. country) and different retrieval time allowances (1 minute vs. 10 
minutes). Little is known about how structural properties vary across different areas of the semantic  network30,31. 
Nonetheless, retrieval speed represents an established difference between younger and older adults’  cognition26. 
Consequently, by comparing networks from semantic fluency across different time conditions, we will be able 
to assess the robustness of past findings with respect to semantic content and situations where older adults may 
catch-up or even outperform younger adults in semantic fluency when given the opportunity to search their 
potentially larger semantic stores. Also, past work suggests that younger and older adults differ across semantic 
 categories32, so comparing the network structure of different categories further contributes to understanding 
the factors that drive such differences.

Second, we adopt a megastudy  approach33 to provide the first comparison of younger and older adults’ seman-
tic networks at the level of individuals. This involves collecting over 2,000 similarity ratings from each participant. 
This is crucial for two reasons. Aggregate networks likely do not accurately reflect the structure of individual 
level  networks9,12,34. Further, similarity ratings likely recruit different retrieval processes than those underlying 
the two elicitation methods past studies have relied on, semantic fluency and free associations. Consequently, 
this will allow us to rule out the possibility that age differences in semantic networks are driven by aggregation 
bias or retrieval processes associated with a particular elicitation method. Furthermore, we will relate individual 
differences in the structure of similarity rating networks to individual differences in education and cognitive 
performance, and thereby assess supposed drivers and consequences of semantic network  structure12.

In sum, we aim to contribute to mapping the structural differences in the semantic networks of younger and 
older adults by assessing whether they are robust across different semantic domains (i.e., animals, countries), 
different retrieval processes (e.g., fluency, similarity rating), and levels of analysis (i.e., aggregate vs. individual) 
so as to shed light on age differences in semantic network structure.

Results
Age-related differences in fluency networks. Semantic fluency is a neuropsychological test that 
requires participants to retrieve as many elements as possible from a natural  category35, say, animals, within in a 
given amount of time. Research has begun to analyze semantic fluency data in novel ways to extract from them 
semantic  networks36 and understand individual and age differences in semantic  cognition23,37. Such approaches 
leverage the fact that the proximity of elements within the sequence of responses should reveal information on 
whether two elements are connected in an underlying semantic network. Several algorithms utilizing this prin-
ciple have been proposed. To infer semantic networks of younger and older adults, we rely on a random walk 
plus filtering algorithm, which was recently found to predict human behavior better than other  algorithms37. In 

Figure 1.  Methodological approach. Panel (A) illustrates the two steps, edge inclusion and filtering, involved 
in inferring networks from semantic fluency sequences. For details see Materials and Methods. The resulting 
network is based on 142 sequences of the older adults’ group of study 1. To simplify the visualization more 
conservative inferences settings were employed than used in the analyses reported below. Panel (B) illustrates 
the creation of networks from similarity ratings by normalizing individuals’ responses to the range of 0 and 1. 
The weighted network is based on the average ratings of the older adults’ group of study 3.
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the first step, this algorithm adds to a single network for each age group edges for every pair of elements that 
occurred less than two positions apart from each other across all semantic fluency sequences of the age group. 
Then, in a second step, all edges in the network that were added only once across all sequences or were less 
frequent than expectation derived from random behavior are removed (see Figure 1A). Previous research has 
found this approach to produce plausible networks that predict human behavior better than other network infer-
ence methods for fluency  data37,38.

We compared semantic networks of younger and older adults on the basis of four semantic fluency data sets, 
stemming from published  work39 and two new studies (see Methods for details). Table 1 provides an overview 
of the data sets. Following previous  work18,39,40, we compared younger and older adults’ networks with respect 
to three macroscopic network measures: average degree (connectivity, 〈k〉 ), average local clustering coefficient 
(structuredness, C), and average shortest path length (efficiency, L). These metrics are frequently employed to 
characterize the structure of cognitive networks and have been successfully linked to various measures of cogni-
tive performance (for reviews,  see11,25,41): For instance, degree has been linked to speed of retrieving words in 
lexical decison  tasks42, clustering has been linked to retrieval success in cued recall  tasks43, and shortest path 
length has been linked to faster information  processing44. To avoid any confounding influences of network size 
and content, younger and older adults’ networks were compared on the largest connected, common subgraph, 
containing only words that were produced by both younger and older adults. Figure 2 shows the networks esti-
mated for younger and older adults in each of the four data sets analyzed. Overall, the figures suggest similar 
semantic relations between items, showing that the network inference mechanism generates plausible, intuitive 
semantic networks. These figures do not allow, however, an easy and direct comparison of network characteristics 
across groups, which is typically done by relying on quantitative indices of macroscopic network characteristics, 
such as connectivity indices (e.g., degree, shortest path length; cf.18,45).

We present a comparison of network indices in Fig. 3. Compared to older adults, the networks of younger 
adults showed consistently higher average degrees and lower average shortest path lengths. These differences 
were found to be reliable for one (Study 2—Animals) and three (all but study 2—Countries) data sets accord-
ing to bootstrap tests (see Supplementary Material). However, results for the average clustering coefficient were 
mixed. A multiverse  analysis46 evaluating the results under various implementations of our inference method 
suggests that inference is robust for degree and shortest path length, but not for clustering, supporting the dif-
ferences found for degree and shortest path length and providing an explanation for the mixed results in the 
latter (see Supplementary Material). These results corroborate the existence of systematic structural differences 
between younger and older adults’ semantic networks in terms of connectivity and efficiency, but not clustering.

Two additional findings concerning younger and older adults’ semantic fluency data are worth noting. First, 
in the two studies that gave participants 10 minutes to retrieve items from semantic memory, there were no 
differences in the number of items produced by younger and older adults, as determined by permutation tests 
(Table 1). Compared with the shorter retrieval periods of previous studies (cf.47–49), the longer retrieval period of 
10 minutes seems to eliminate older adults’ disadvantage of slower memory retrieval. Second, as a group, older 
adults produced more unique category items across all four data sets, as measured by the number of unique 
items relative to the number of responses produced by an age group (cf. u

�n in Table 1), as determined by a per-
mutation test (Table 1), which is supportive of the notion that older adults possess a larger mental lexicon than 
younger  adults21. Despite such differences, the age-related patterns in macroscopic network structure generalize 
across the different domains and conditions, which speaks to the generality of these findings across elicitation 
procedures (cf.12,18).

Age-related differences in individual-level similarity networks. A potential criticism of extant 
comparisons of younger and older adults’ networks is that they lump together the data of many individuals 
to form aggregate networks, thus obscuring individual differences. To address this limitation, we conducted a 
comparison of younger and older adults’ semantic networks at the level of the individual. Specifically, we elic-
ited a large number of similarity ratings and constructed networks directly from each individual’s responses. 

Table 1.  An Overview of Fluency Data and their Inferred Macroscopic Network Structure.  * Found to 
be significantly different between younger and older adults according to permutation tests; N = number of 
participants; t = time limit of the fluency task; n̄ = average number of non-duplicate, valid responses per 
individual; u

�n
 = number of unique responses u divided by the sum of number responses n for all individuals in 

the group.

Data set Age (Range) N t n̄
u

�n

Wulff et al. (2016) 52.5 (29-65) 142 1 min 21.2∗ .09∗

73.7 (66-94) 142 1 min 17.9∗ .11∗

Study 1 (Animal) 25 (18-34) 41 10 min 90.7 .15a

71.1 (66-81) 71 10 min 89.6 .18∗

Study 1 (Country) 25 (18-34) 41 10 min 75.3 .08∗

71.1 (66-81) 71 10 min 69.7 .11∗

Study 2 (Animal) 24 (18-32) 36 10 min 92.6 .17

70 (65-78) 36 10 min 88.6 .19
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Aside from avoiding problems of aggregation, this approach had five additional advantages: First, similarity rat-
ings likely recruit different memory retrieval processes and may overall be less affected by such processes than 
semantic fluency, permitting an independent and, potentially, cleaner assessment of network structure. Second, 
by requiring participants to rate a common set of words, similarity ratings likely are less affected by vocabulary 
differences between younger and older adults. Third, similarity ratings deliver direct estimates of the connec-
tion strength between words, sidestepping the need to infer edges using complex algorithms. Fourth, similarity 
ratings deliver graded responses permitting the construction of networks with weighted edges. Finally, because 
network statistics are available for each individual, the comparison between younger and older adults’ networks 
can be carried out using standard methods of statistical inference.

In our study, each of 36 younger and 36 older participants provided a total of 2,253 similarity ratings, of which 
1,953 were given to all possible pairs of 63 common animals and the remaining 300 to a set of repeat pairs, for 
which we found reliability to be high (older adults: r = .76 , younger adults: r = .74 ). Participants were instructed 
to rate similarity based on the animal’s degree of relatedness or association. We constructed networks by, first, 
mapping an individual’s ratings from the original scale of 1 (extremely dissimilar) to 20 (extremely similar) to 
the scale of 0 to 1, by setting a person’s minimum and maximum rating to 0 and 1, respectively. This was done 
for two reasons: to account for differences in scale use and to introduce a 0 indicating the absence of edges. 
Second, we placed edges between all 63 animal nodes with weights equal to the transformed ratings. Finally, we 
eliminated edges with weights below a threshold wmin = [0, .1, .2, .3, .4] . This last step was necessary to be able 
to determine the average local clustering coefficient, which is not defined for completely connected networks, 
while also providing us with a means to assess the robustness of our results to the choice of threshold. Figure 4 
shows the 72 networks obtained from younger and older adults under wmin = .1.

Across all values of wmin , compared to older adults, the networks of younger adults showed consistently higher 
average degrees ( 〈k〉 ) and lower average shortest path lengths (L), and also higher local clustering coefficients (C) 
(see Fig. 5). We found the same pattern of results when the networks were analyzed as unweighted networks. 
For small values of wmin , where more than 50% of all edges were retained, i.e., wmin ∈ (0, .1) , moderate to large 
effects were observed, of which many were reliably distinct from 0 as indicated by the 95% confidence intervals. 
Effects for more restrictive values of wmin , i.e., wmin > .1 pointed in the same direction, but they were smaller in 
size and, due to larger variance, were mostly not reliably different from 0. These results corroborate the structural 
differences found for aggregate networks and demonstrate, for the first time, systematic age-related differences 
in the structure of semantic networks at the level of the individual obtained from a megastudy using semantic 
similarity ratings.

Moreover, analyses reported in the Supplementary Material confirm the existence of aggregation biases. For 
the average degree, the clustering coefficient, and the average shortest path length, but not the average strength, 
estimates based on aggregate networks, which we derived by averaging networks within age groups, were con-
siderably higher than the majority of estimates for individual-level networks. Aggregate networks, however, 
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Figure 3.  Differences in the macroscopic structure of younger and older adults’ fluency networks. Gray bars 
show the difference between the younger and older adults’ age group in Zortea et al.40 and that of age 30 and 70 
in Dubossarsky et al.18, respectively. Yellow bars show differences in networks inferred from the four fluency 
data sets. Error bars show 95% bootstrapped confidence intervals. Note: �〈k〉-Differences in average degrees; 
�C-Difference in average clustering coefficients; �L-Difference in average shortest path lengths.
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still revealed group differences consistent with those observed on the individual level, suggesting some level of 
robustness of group comparisons obtained from aggregate data.

Locating age-related differences in semantic network structure. Past work on the development 
of semantic knowledge suggests that cumulative linguistic experience and general learning process combine to 
create specific semantic structures that allow efficient discrimination  learning16. Crucially, that work proposes 
that such learning processes involve the strengthening of some associations while weakening others to allow dif-
ferentiating between meaningful and meaningless pairs of items in memory. One important consequence of this 
process is that age differences in network structure may not be homogeneous across pairs of associations due to 
the interaction of learning and cumulative experience.

To shed light on the differences between younger and older adults’ networks, we compared their networks on 
the level of node pairs with respect to three metrics that directly underlie the macroscopic results in Fig. 5 and 
allow us to assess homogeneity of age differences across node pairs. Specifically, for each of the 1,953 node pairs, 
we compare the edge weight w under wmin = 0 (corresponding to 〈s〉 and 〈k〉 ), the proportion with which the pair 
forms triangles with other nodes ( Cpair ) under wmin = .1 , and the path length connecting the pair ( Lpair ) also 
under wmin = .1 . Figure 6 displays these results separately for younger and older adults with node pairs ordered 
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Figure 4.  Similarity rating networks. Each individual plot shows the network of one individual under 
wmin = .1 . The first four  rows show the networks of younger adults, the bottom four rows those of older adults. 
Please note that networks are ordered by network strength to facilitate a visual comparison of between- and 
within-group variability in network structure. Edges’ weights have been scaled according to w2 to increase 
visibility. Nodes are ordered and colored according to ten animal categories. These are, starting at 0◦ , African 
animals (plus kangaroo), large apes, birds, farm animals, fish, forest animals, pets, reptiles, and rodents. Animals 
names were translated from German.
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by the average edge weight w across both age groups. Ordering edges in this way allows direct inference-by-eye 
to reveal whether age-differences emerge uniformly across the network.

We observed consistent differences between younger and older adults in terms of all three metrics. Specifi-
cally, the edge weights and the proportion of triangles were consistently lower for older than younger adults, 
whereas path lengths were consistently larger. Crucially, we observed that the differences between older and 
younger adults were considerably larger for the lower half of node pairs. Thus, the differences between younger 
and older adults’ networks appear to be mainly due to peripheral regions in the network, where edge weights 
are small, triangles rare, and shortest path lengths long.

We should note that the results above do not seem to be explained by age differences in use of the scale. 
We observed the judgments of younger and older adults not to differ in terms of the judged minimum 
( d = 0, 95%CI = [−.46, 46] ) or the judged maximum ( d = .26, 95%CI = [−.2, 72] ). However, we did find 
younger and older adults to differ in terms of the ratings‘ average ( d = .56, 95%CI = [.09, 1.03] ) and, crucially, 
the ratings’ skewness ( d = −.51, 95%CI = [−.98,−.04] ), with older adults’ ratings being lower on average and 
more right skewed. This suggests that younger and older adults interpreted and used the end points of the scales 
in the same way, and differed only in how they distributed the word pairs in between the end points, as would 
be expected from different perceptions of similarity between judged pairs.

Assessing the links between cumulative experience, network structure and cognitive perfor-
mance. The assessment of individual differences in semantic networks gives us the opportunity to assess their 
links to proposed drivers and consequences of semantic network structure (see,12). If, as past work has suggested, 
cumulative experience is responsible for structural differences in semantic memory, then differences in the level 
of education experienced by individuals should be related to semantic network structure. The analysis presented 
in Fig. 7 reveals that this link was present for older adults, but not for younger adults. Specifically, we observed 
that a dummy variable coding whether a person received a college education shared between 5% (shortest path 
length) and 27% (clustering) of variance with the structure of older adults’ networks, whereas there was practi-
cally no shared variance between education and younger adults’ networks (see Fig.  7). These results suggest 
that it is not education by itself, but possibly other forms of life experience that impact individuals’ semantic 
networks. Consistent with this assessment, results reported in the Supplementary Material show that the effects 
of age group on network structure are not fully accounted for by education level (or gender). Another corollary 
of the idea that cumulative experience drives network structure is that older adults differ more from each other 
as a function of their different accumulated  experiences25. We tested this expectation in two ways. First, we com-
pared the within-group variance of network measures and observed that those of older individuals was between 
55% (degree) and 116% larger than those of younger adults. Second, we evaluated within age-group agreement 
in terms of edge weights. Specifically, we compared all pairs of individual networks using a weighted Jaccard 
index (JI). We found older adults’ networks to be considerably less similar to each other ( JI = .33 ) than younger 
adults’ networks ( JI = .45 ; d = .97 ). Overall, these results are compatible with the idea that cumulative exposure 
to linguistic and other information contributes to individual differences in the structure of semantic networks.

Past work suggests that the structure of semantic networks may drive cognitive performance, however, this 
link has so far not been assessed from the perspective of individual differences. To fill this gap, we calculated the 
shared variance between network structure and vocabulary size, working memory capacity assessed using the 
operation span task, the number of correct decisions in an associative recall task, and the number of retrievals 
in the animal fluency task. The results presented in Fig. 7 reveal two important insights. First, network structure 
and cognitive performance shared, on average, more variance for older than for younger adults, likely due to the 
larger differences between the network structures of older adults. Second, network structure and cognitive perfor-
mance shared relatively little variance (median = 3%), with the exception of maybe the links between clustering 
and vocabulary (12% shared variance) and between clustering and associative recall (9%) among older adults. 
Overall, these results provide only weak support for the idea that semantic network structure drives individual 
differences in cognitive performance.

Discussion
We investigated differences in the networks of younger and older adults at both the group and the individual 
level. Our group-level analyses using semantic fluency data replicate previously observed differences between 
networks of younger and older adults (e.g.,18,23,40): The aggregate younger adults’ networks based on verbal flu-
ency exhibited larger average degrees and lower average shortest path lengths than older adults’ networks, but 
the networks of the two age groups did not systematically differ in their average clustering coefficients. Overall, 
these results indicate that semantic networks may become increasingly sparse with age, with the connectivity 
between items decreasing with age. Importantly, we extend past work by showing that these age patterns general-
ize across categories (animals, countries) and time constraints (1 vs. 10 minutes), suggesting that such age-related 
differences are not a function of specific elicitation choices and generalize across domains.

In addition, analyses of individual networks estimated from a similarity-judgment task involving thousands 
of judgments from the same individuals ruled out potential problems of aggregation and confirmed the differ-
ences in average degrees and lower average shortest path lengths, while additionally revealing systematic dif-
ferences in terms of average clustering coefficients, in the direction of lower clustering in older adults’ semantic 
networks. We found age differences were especially pronounced for weakly-related, peripheral regions of the 
network. Further, older adults’ networks were more variable and considerably less similar to each other than 
younger adults’ networks, and this variability covaried with level of education. All in all, these results provide 
converging evidence that the semantic networks of younger and older adults differ systematically not only in 
content, as has been amply suggested in past  work21, but also in their  structure25. Our results are congruent with 
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the idea of a progressively idiosyncratic nature of semantic representations across the life span, leading to more 
distinct semantic representations between individuals over time. Further, our findings are novel in suggesting 
that individual and age differences may be strongest for peripheral parts of semantic representations, which 
emphasize the importance of investigating a large swath of individuals’ semantic representations to understand 
the environmental and cognitive contributions to individual differences in semantic cognition.

We should point out a number of limitations in our work. First and foremost, we must acknowledge that we 
cannot definitively determine to what extent the age differences described above are due to age differences in 
representation and/or control processes involved in searching and selecting information from memory. The type 
of network models we adopt here to describe lexical associations are, in principle, compatible with mechanistic 
explanations based on both representation and process and, therefore, cannot fully arbitrate between the  two50. 
Our finding that results generalize across elicitation conditions (time constraints), domains (animals, countries), 
and tasks (semantic fluency, similarity judgement) could be indicative of age differences being due to differences 
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in the underlying representation, but only to the extent that one can confidently assume different processes of 
search and comparison across the different conditions, domains, and tasks. It seems plausible that the underly-
ing cognitive processes are perhaps not identical but at least similar, as all share aspects of controlled selection, 
involving the activation of concepts (e.g., “animal”) and their features (e.g., “has wings”). There are two main 
approaches that could be interesting to further address the role of representation and process in engendering 
age differences in the semantic networks estimated from lexical tasks. One approach could involve additional 
independent measures to statistically account for the contribution of control processes using an individual differ-
ences approach (e.g.,51). Another approach involves making use of neuroimaging techniques to directly measure 
mechanisms of control and memory retrieval. Past work suggests that representation and semantic control rely 
on distinct (but interacting) brain  regions52 and this information could potentially be leveraged to provide an 
estimate of the role of control processes in semantic cognition.

Second, we are unable to derive strong conclusions about how the differences in semantic networks impact 
younger and older adults’ cognitive performance. The three properties of semantic network structure con-
sidered—size, connectedness, efficiency, and structuredness—have been linked empirically and theoretically 
to cognitive performance (for reviews  see11,12,25), but in most cases these links were established at the level of 
words or word pairs, rather than individuals’ overall performance (but  see31). For instance, research has found 
that words with higher degrees (connectedness) are more likely to be retrieved in semantic fluency or episodic 
memory tasks (e.g.,12). Furthermore, while it is plausible that word-level effects translate to differences in overall 
performance, we observed only relatively weak links between cognitive network structure and performance. One 
possible explanation is the lack of semantic overlap between the networks’ contents and the cognitive tasks we 
deployed. Alternatively, the lack of strong links between network structure and cognitive performance could 
underpin the possibility that the observed differences in semantic network structure reflect differences in rep-
resentation, rather than fluid cognitive ability. Indeed, this was one of the motivations behind using similarity 
ratings as opposed to deriving networks from free association or fluency data alone. The latter approaches might 
confound fluid abilities and memory representation more strongly than similarity  ratings9,12.

Third, on a related note, we do not detail a specific mechanism to account for the interaction between cumula-
tive experience and network structure. Consequently, a key challenge for future research lies in developing models 
for the age-related changes in the structure of semantic networks reported here. One promising proposal stems 
from models of discriminative learning, whereby increasing experience leads weakly and strongly related contents 
in memory to be driven further apart from each other, resulting in a topological expansion of the network. The 
nature of structural differences, the observations of amplified differences for more weakly related words, as well 
as the lower similarity between older adults’ compared to younger adults’ networks, seem to support this notion. 
However, so far, discriminative learning has only been successfully employed to account for age differences in 
paired-associate  learning15,16. Whether such a mechanism can be expanded to account for the full set of results 
presented here remains an open question.

Fourth, and finally, our work made use of an extreme-group comparison design by comparing groups of 
younger relative to older adults. This type of design is not optimal to study the role of cumulative experience 
that is thought to underlie age differences in the content and structure of lexical and semantic networks. Ideally, 
estimates of cumulative experience and associated semantic networks would be obtained longitudinally for large 
samples of individuals and across long spans of time involving years or decades. One major difficulty with such 
studies will be mapping semantic networks for specific individuals but such efforts are under  way12.
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Despite its limitations, our work has some important implications for understanding and modeling human 
cognition. In many tasks that are presumed to be linked to the structure of semantic networks, older adults 
are known to perform worse than younger  adults26, which is often considered a consequence of declining fluid 
 abilities26,27. Our and similar findings of systematic differences in semantic networks open up an alternative route 
leading to age differences in cognitive performance, whereby older adults’ cognitive performance shows apparent 
decline because of the consequences of learning for the size and the structure of semantic networks. In turn, our 
finding that age differences may be particularly pronounced in weakly connected, peripheral parts of semantic 
networks could have implications for future tests of theories of individual and age differences in semantic cogni-
tion that may, or may not, make predictions concerning different parts of semantic representations.

Our results may have implications beyond our theoretical understanding of healthy cognitive aging. Lacking 
a cure, the best way to battle the “dementia epidemic” is timely diagnosis and early  treatment53,54. The diagnosis 
of mild cognitive impairments and early dementia is, however, still predominately based on tests of cognitive 
 performance53. Instruments such as the short dementia screener  DemTect29 or the neuropsychological battery 
 CERAD55 involve an individual undergoing a series of standard cognitive tasks, including several of the tasks 
listed above. Understanding the role of age-related changes in the structure of semantic networks promises to 
improve our interpretation of current instruments for dementia screening and diagnosis. Further research in 
this direction could lead to more personalized instruments that can detect changes in cognitive performance 
earlier and with higher sensitivity by focusing on specific parts of semantic representations than is currently done.

In sum, we have presented converging results from semantic fluency and similarity judgment tasks concerning 
structural differences in the semantic networks of younger and older adults. Older adults seem to possess richer 
more idiosyncratic networks, characterized by smaller average degree and longer path lengths relative to those 
of younger adults. Our results emphasize the importance of considering how life span cognitive development 
and cumulative experience shape the content and structure of individuals’ semantic cognition.

Methods
Fluency data. Four data sets from three studies were used to infer networks from fluency data. The first 
data set was obtained  from39, who jointly analyzed the data of two published studies, i.e., from Hills et al.49 and 
the Midlife in the United States (MIDUS3) longitudinal study. The data of Hills et al.49 contain a one-minute 
animal fluency task collected at Stanford University, CA, of a total of 201 participants aged 27 to 99 (Mdn = 
68). The MIDUS3 data contained one-minute animal fluency data—recorded in phone interviews—from 104 
individuals aged 34 to 83 (Mdn = 59). Audio recordings were transcribed by us (see Supplementary Material). 
Following Wulff et al.39, we eliminated 21 individuals with fewer than 10 fluency productions and mini-mental 
state values lower than 26, which is indicative of either low attention to the task or the onset of age-related dis-
orders, before combining the two data sets for a total sample of 282 individuals. Groups of younger and older 
adults were created by splitting the data at the median age. This resulted in groups of 142 individuals each aged 
29 to 65 years old and 66 to 94 years old, respectively. The original data of our first study were collected in the 
context of another investigation into age-difference in decision making running in the laboratories of the Max 
Planck Institute (MPI) for Human Development, Berlin. We collected 10-minute fluency data for both animals 
and countries from 71 older adults and 41 younger adults. Responses were recorded using a microphone and 
transcribed by us. Participants were recruited through the internal participant database of the MPI for Human 
Development. The older adults’ age ranged from 65 to 80 years with a median age of 70 years, the younger adults’ 
age ranged from 17 to 33 with a median age of 25. Participants were paid 10€/hour for participation. The second 
study was also conducted at the Max Planck Institute for Human Development using participants from the MPI’s 
internal database. We collected 10-minute fluency data for animals from 36 older adults and 36 younger adults. 
Responses were recorded using a microphone and transcribed by us. The older adults’ age ranged from 65 to 78 
years with a median age of 70 years, the younger adults’ age ranged from 18 to 32 with a median age of 24. Par-
ticipants in study 3 also completed measures of vocabulary size, working memory capacity (i.e., operation span 
task), and associative recall (see Supplementary Material). Participants were paid 10€/hour for participation. 
Study 1, 2 and 3 were approved by the internal review board of the Max Planck Institute for Human Develop-
ment. All studies were performed in accordance with relevant guidelines and regulations. Participants provided 
informed consent at the beginning of each study.

Fluency data were subjected to minimal preprocessing. Responses were scrutinized for category membership 
and spelling. A lenient criterion was used to assess category membership to retain as much of the original data 
as possible. In the case of animals, all nonfictional entries that described entire, nonhuman, and nonfictional 
animals were retained. This led us to exclude a few cases from the data, such as Godzilla, cat eye, or animal 
trainer. Similarly, in the case of countries, we retained all existing and named territories such as Istrien, a region 
of Italy, Croatia and Slovenia, the desert Sahara or cities, but not nonexistent, fictional territories such as Middle-
earth. Spelling was hand-corrected on the basis of the Merriam-Webster online dictionary. Overall 96.8–99% of 
responses were retained in the analysis.

Measures of macroscopic network structure. The average degree of a network G = (V ,E) , with nodes (or 
vertices) V and edges E, is defined as �k� = 2|E|

|V |
 for unweighted networks and as �k� = 2

|V |(|V |−1)

∑
i,j∈V;i �=j aijwij , 

where ai,j denotes the presence of an edge between nodes i and j and wi,j the according edge weight. The aver-
age degree or strength, as it is commonly referred to for weighted networks, describes the average connectivity 
in the network. The average local clustering coefficient for unweighted networks is defined as C = 1

|V |

∑
i∈V Ci 

with Ci =
2

|ki |(ki−1)

∑
j,h∈Ni

ajh and ki being the degree of node i and Ni the set of neighbors to i. For weighted 
networks, Cw

i = 1
|si |(ki−1)

∑
j,h∈Ni

wij+wih

2
aijaihajh with si =

∑
j∈Ni

wj being the strength of node i, the weighted 



11

Vol.:(0123456789)

Scientific Reports |        (2022) 12:21459  | https://doi.org/10.1038/s41598-022-11698-4

www.nature.com/scientificreports/

analog to ki . The local clustering coefficient describes the degree of transitivity in the network and is related to 
network  modularity56. It is often conceived of as an indicator of the structuredness of a  network57. The average 
shortest path length is defined as L = 2

|V |(|V |−1)

∑
i,j∈V;i �=j Lij where Lij is the length of shortest path between 

nodes i and j, also known as the geodesic distance. For weighted networks, Lij is the sum of weights rather than 
the length. The average shortest path length describes the average distance between nodes. Low average shortest 
path lengths have been associated with efficient information  processes44,58.

Network inference approach. Networks were inferred from semantic fluency data based on the commu-
nity model developed by Goñi et al.38 and studied by Zemla and  Austerweil37. The model is based on a two-step 
procedure. First, nodes and edges are included for every pair of responses that occurred within a distance of l 
responses. For instance, for the response sequence “dog, cat, mouse, rabbit” and a criterion of l = 2 , edges would 
be included for all pairs less than three responses apart, excluding only the pair dog and rabbit, which are three 
responses apart. Second, an edge is identified as a true edge if the frequency of the connected words occurring 
with l or fewer steps apart exceeded a frequency threshold tmin reflecting the required minimum frequency of 
co-occurring within l responses to be considered in the first place, as well as a frequency threshold tchance . The 
latter is derived from the probability plinkedij  of two words occurring within l responses by chance, which is cal-
culated as plinkedij = pij

co−occur ∗ p≥l
ij  . Furthermore, pco−occur

ij  , the probability of two words to co-occur within a 
fluency sequence, and p≥l

ij  , the probability that two responses are no more than l responses apart, are calculated 

as pco−occur
ij =

fi fj
MM and p≥l

ij = 2
N(N−1)

(−lN l(l+1)

2
) with fi , fj denoting the number of times two responses occur 

across M sequence and N denotes the average number of productions per sequence. tchance is then defined as the 
1− α quantile of the binomial distribution B(M, plinkedij ) . Consistent with prior literature, we set l = 2 , tmin = 1 , 
and α = .0537,38 for our main analyses. In addition, we evaluate the robustness of the results in a multiverse 
 analysis46 presented in the Supplementary Material.

Similarity ratings. Similarity ratings were collected in the context of study 3 and prior to participants com-
pleting the semantic fluency task. Participants took home a tablet to provide, over the course of roughly one 
week, on a scale from 1 to 20, similarity ratings for 2,268 pairs of animals, consisting of each possible pair of 63 
frequently occurring animals and 315 repeated pairs. The 63 animals were selected on the basis of the seman-
tic fluency responses of study 2 in a manner that equated word frequency across younger and older adult age 
groups. See Supplementary Material. Reliability was found to be high in both younger and older adults with 
correlations of r = .76 , r = .74 for younger and older adults, respectively. Participants were paid 10€/hour for 
participation in the lab session and a flat fee of 44.1€ for providing the similarity ratings.

Statistical comparisons. Group comparisons of semantic fluency statistics were carried out using permu-
tation and bootstrap tests. Group differences in the number of retrievals and the number of unique retrievals 
were tested by comparing them against a null distribution of 10,000 samples generated by randomly assigning 
individuals to our two age groups. Group differences in fluency network measures were tested by generating 
sampling distribution consisting of 10,000 samples per group by drawing from the groups’ fluency sequences 
with replacement. To account for the differences in group sizes in the two data sets of study 1, all study 1 analyses 
are on repeated random samples of matching group sizes. Group comparisons of similarity network statistics 
were also carried using bootstrap tests based on 10,000 bootstrap samples. Wherever possible we report the 
results as 95% confidence intervals rather than p-values to account for the non-confirmatory nature of our 
investigation.
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