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Figure S1.1. Drift rates by word type (concrete/abstract or social/nonsocial) across three studies. Each dot represents a word. The x axis shows drift rates for older adults; the y axis shows drift rates for either younger adults (red) or middle-aged adults (blue). In the task, participants judged whether a word was abstract or concrete (Studies 1 and 2) or social or nonsocial (Study 3) by pressing one of two designated keys as quickly as possible.

[image: ]
Figure S1.2. Semantic ratings by word type (concrete/abstract or social/nonsocial) across three studies. Each dot represents a word. The x axis shows ratings from older adults; the y axis shows ratings from either younger adults (red) or middle-aged adults (blue). In Studies 1 and 2, participants rated how concrete each word was on a scale of 1–5; in Study 3, they rated how social each word was on a scale of 1–7. The figures are scaled within each individual.


[bookmark: _Toc206220366]Section 2. Definitions of Concrete, Abstract, Social, and Nonsocial Words
[bookmark: _Toc206220367]Concrete and Abstract Words
Some words refer to things or actions, which people can experience directly through one of the five senses. We call these words concrete words. Other words refer to meanings that cannot be experienced directly but that people know because the meanings can be defined by other words. These are abstract words. Still, other words fall in between the two extremes, because people can experience them to some extent and, in addition, people rely on language to understand them. 

A concrete word comes with a higher rating and refers to something that exists in reality; people can have immediate experience of it through their senses (smelling, tasting, touching, hearing, seeing) and the actions they do. The easiest way to explain a word is by pointing to it or by demonstrating it (e.g., to explain "sweet," one could have someone eat sugar; to explain "jump," one could simply jump up and down or show people a video clip of someone jumping up and down; to explain "couch," one could point to a couch or show a picture of a couch).

An abstract word comes with a lower rating and refers to something people cannot experience directly through their senses or actions. Its meaning depends on language. The easiest way to explain it is by using other words (e.g., there is no simple way to demonstrate "justice," but one can explain the meaning of the word by using other words that capture parts of its meaning).

[bookmark: _Toc206220368]Social and Nonsocial Words
There are many ways in which a word can be considered “social.” For example, a word is considered to be social if it describes or refers to a social characteristic of a person of group of people (e.g., trustworthy), a social behavior or interaction (e.g., fight), a social role (e.g., teacher), a social space (e.g., pub), a social institution (e.g., hospital) or system (e.g., nation), a social value (e.g., warm-hearted) or ideology (e.g., feminism), or any other socially relevant concept. In contrast, “nonsocial” words have meanings that lack social relevance (e.g., chair, time).
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Figure S3.1. Distribution of word stimuli across concreteness/socialness ratings and log frequency. Word frequency is retrieved from Google Ngram All English corpus (the year 2000 data from 2012 version; Michel et al., 2011).

Words in Study 1:
wreckage,shellfish,landlord,cutter,tourniquet,pulse,urn,oasis,orphanage,retina,resin,specimen,mare,ore,broker,mildew,forceps,cognac,warship,marmalade,hut,inn,crew,plaza,clavicle,curry,gland,custodian,saline,plasma,compost,sash,shaver,manuscript,fowl,psychologist,crepe,scrotum,publisher,trombone,mosque,tutor,alcove,neurologist,canister,satire,skepticism,unpunished,luscious,deem,emptiness,intimate,forsake,earn,unfeeling,stillness,periodic,tame,integral,sustenance,proficiency,uncouth,laughable,funk,disqualify,relentless,amused,easygoing,feign,punitive,reign,upbringing,founding,coincide,elimination,depressing,karma,imaginative,mourn,influential,underestimate,familiarity,gorgeous,infiltration,inconsiderate,wont,compliance,nauseous,derivative,assure,suite,grid,packet,keyboard,greenhouse,memo,scroll,lotus,ranger,adobe,spa,primate,vat,binder,foreman,duplex,hostage,silhouette,shaman,tit,graffiti,roommate,orchid,ginseng,sprint,mortuary,guidebook,whirlpool,ventilator,mustang,gnome,quad,opiate,spam,switchboard,meteorite,boa,nomad,flier,pimp,trident,tote,corset,rook,boomerang,abstract,counterpoint,decadent,taker,elective,lingo,unofficial,undetermined,melodramatic,unidentified,bogus,complimentary,impeccable,coy,precautionary,acclaim,forwarding,hex,sensational,queer,outlook,unorthodox,resonance,fearsome,serial,unprotected,unconventional,unnamed,vibrant,conversational,gusto,select,chic,prospective,zest,satanic,flamboyant,inspirational,demented,sonic,cryptic,virtual,excel,newfound,saver

Words in Study 2:
thyme,pancreas,genitalia,cashmere,carp,sandalwood,hemp,fleece,mortuary,footman,amplifier,turban,throttle,cubicle,kiln,cameraman,microchip,garland,apparel,catheter,gearbox,musket,goblet,brewer,midwife,bailiff,cellulite,jury,warship,clitoris,clove,granite,scaffold,anvil,retina,cocaine,printout,thyroid,barometer,satellite,piston,kiosk,scalpel,octagonal,cleavage,sperm,veal,turret,dockyard,forceps,chairperson,yacht,bile,pewter,platoon,debris,workstation,airship,dung,dictator,soy,hosiery,mace,shaman,shipyard,statuette,chalice,mackerel,motherboard,fuselage,ironworks,furnace,bodice,duct,lotus,goldsmith,stockbroker,assassin,latex,sheepskin,woodworm,bosom,accountant,croquet,sniper,woodwork,cartridge,shilling,sieve,caress,samurai,anus,medic,skyline,publisher,glider,watchman,reservoir,mariner,headgear,despicable,veracity,supposed,intent,improper,virtuosity,respectability,fraternal,unforgiving,inconvenient,democratic,insignificance,immaturity,civility,explicable,baffling,insufficient,behalf,plausibility,belated,personification,expendable,enlightening,prudence,ethos,distrust,whereas,tyranny,loath,unsuitable,indecision,obtrusive,nowadays,disdain,formality,unifying,neutrality,unencumbered,cosmological,suitable,mediocre,desperately,unfathomable,impossibility,distinctive,romanticism,notorious,benevolent,avid,wickedness,distressing,phenomenal,ethical,disenchanted,ruthlessness,heartfelt,desperation,concordance,invoke,sarcasm,glorification,fanaticism,unimaginable,intangible,sensibility,unspeakable,dissolution,ought,subjective,equality,undeterred,differentiate,equate,despondency,passivity,ironical,infatuated,insensitive,adaptability,unprincipled,comprehensiveness,await,benevolence,veneration,unselfish,sincerely,adage,forlorn,presumptuous,unanticipated,foolhardy,estranged,implausible,avail,inferior,godsend,adversarial,implementation,disloyal,ordinariness,ball,fan,temple,slide,desktop,earnings,officer,jean,painting,gallery,tv,trunk,foot,apple,heart,television,house,shield,highway,gasoline,palace,penguin,pan,woods,boots,fat,hotel,dam,college,lamp,marble,ram,pit,lemon,jet,writer,garage,breast,sea,maize,wooden,secretary,explosion,basement,timber,sit,automobile,casino,pad,rat,disk,mud,cattle,cotton,grandmother,tree,lawyer,widow,floor,cinema,prison,tiger,coffee,lock,screw,rail,emperor,wolf,storm,gang,instructor,flood,worker,cottage,horn,river,paper,card,nut,wall,hardware,table,tie,studio,digit,chamber,land,classroom,insect,human,steam,tribe,inn,web,powder,police,battery,fork,supper,wagon,grand,hope,promising,best,deserving,awhile,sure,innocent,much,amazing,never,goodness,weird,patience,know,pleasant,unbeatable,wherever,chance,oh,like,great,very,eventually,someday,convincing,manner,just,unhappiness,outstanding,stupid,unfortunately,insane,greed,because,forgiveness,then,become,develop,good,risk,interesting,perhaps,splendid,politeness,during,thankful,opposite,troubled,super,confusing,dislike,glory,ever,mood,belief,prefer,newness,maybe,simple,ago,how,barely,since,strange,unlucky,sometime,carelessness,grateful,perfectly,against,feeling,though,knowledge,gosh,always,actually,nearly,amazed,while,whatever,adorable,where,heavenly,awesome,beyond,something,value,instead,ours,prove,really,improve,unwise,yet,luck,believe,rather,annoy,seldom

Words in Study 3:
extent,barman,surrender,interaction,communication,hustler,likable,petition,relation,mouthwash,container,pearly,police,chitchat,doctor,dominance,pallet,poncho,quarterback,inflatable,tiny,thermostat,argument,citizen,premarital,horizontal,needle,orgy,ten,defect,linear,attractive,goo,attend,indirect,burn,empty,elastic,propose,education,uncut,thickness,creamer,superstar,autographed,molecular,sidekick,version,darken,demonstration,sexual,funny,glucose,grief,nibble,teething,nitrogen,bridesmaid,sociopath,leaf,fiber,recruiter,bloodhound,schoolgirl,metal,duster,counseling,parallel,cheerleader,sorority,encounter,membership,east,shopkeeper,brotherly,tourism,bowl,lather,university,instructor,argue,desert,monogamy,can,fragment,matrimony,conspire,bearskin,hydraulics,infuser,insulin,rave,tarantula,density,identity,bottle,fornicate,rioting,fireball,befriend,jacket,shoulder,theater,raccoon,kiwi,sledge,processor,orthodontist,marital,sisterhood,folder,fraction,gray,respiratory,paperweight,manhunt,backwoods,pillowcase,nutcracker,icebox,sociable,civilization,trusty,flamingo,discussion,chandelier,coolant,texture,barracuda,flabby,aggression,skylight,tweet,engaged,conversationalist,curve,ricochet,equation,remarry,competition,percentage,lawlessness,loveliness,brokenhearted,communism,itchy,column,entertainer,door,confidant,doorknob,worship,previous,newsroom,volunteer,stockpile,compact,togetherness,heritage,appointment,stripper,stewardess,hookup,flamethrower,mankind,shoelace,peace,teammate,number,deactivate,domination,interactive,hire,strings,prince,dashboard,ethnic,stepdaughter,killing,slope,hovercraft,width,shear,lobbyist,murder,schoolhouse,hairless,nostril,oregano,sympathize,wastebasket,excrement,kudos,ethics,talker,dioxide,mulberry,residential,sexuality,candlestick


[bookmark: _Toc206220370]Section 4. Quantifying the Rate of Semantic Change
Taking a Firthian approach (Firth, 1957), we assumed that the meaning of a word can be reliably inferred from the linguistic contexts in which the word has been used. Therefore, the semantic shift of a word between two time points in history can be captured by comparing the extent to which its context has changed. This approach captures shift with two kinds of meanings: denotation (a meaning that can be looked up in dictionary) and connotation (associations evoked by words in the mind of readers). For example, although the denotative meaning of woman (adult female human being) has remained unchanged over the past 200 years, its connotation has become increasingly associated with the gender equality movement (see Garg et al., 2018, for how diachronic word embeddings can reveal change of associations with woman over history).
[bookmark: _Toc206220371]Historical Corpora 
We used the Google Ngram All English corpus (Michel et al., 2011) to extract contextual information of words for each year from 1800 to 2000. The corpus represents around 6% of all books published over the last several hundred years and contains approximately 155 billion words. 
[bookmark: _Toc206220372]Embedding Algorithm
The meaning of words can be quantified through the use of distributional semantics, in which words are represented by numeric vectors (often referred to as word embeddings) in accordance with their co-occurrence relationships. Hamilton et al. (2016) trained word embeddings from both Google Ngram Corpus and COHA (Corpus of Historical American English) using three algorithms: positive pointwise mutual information (PPMI), singular value decomposition (SVD), and word2vec. They evaluated the three algorithms in terms of their performance in detecting a set of independently attested semantic shifts. They found that SVD performed consistently well on both Google Ngram Corpus and COHA while PPMI and word2vec performed poorly on at least one of the two corpora (Table 3, Hamilton et al., 2016). Therefore, in this study we used SVD to quantify rate of semantic change. 
We obtained diachronic word embeddings trained on the Google Ngram Corpus from Li et al. (2019). The word embeddings were trained using SVD with following steps. First, a co-occurrence matrix was constructed to record the number of times any two words co-occurred within fixed-size sliding windows of text. Second, vectors containing the number of times a given word co-occurred with all other words were directly obtained from the co-occurrence matrix described above. Third, the authors computed the PPMI for each pair of words and then constructed a PPMI matrix with entries given by 
                    (S1)
where vi, vj represents a pair of words from the corpus and p(v) corresponds to the empirical probabilities of word co-occurrences within a fixed-size sliding window of original text. Unlike co-occurrence counts, PPMI penalizes high-frequency words (i.e., of, the, and) that were used in a wide range of contexts and favors word pairs that frequently appeared together but not with others (i.e., Hong and Kong). Forcing PPMI values to be above zero ensures that they remain finite, and this has been shown to improve results (Bullinaria & Levy, 2007). Finally, dimensionality of word embeddings was reduced to 300 using SVD. This dimensionality reduction acts as a form of regularization and allowed us to compare word similarities by computing the cosine similarity of word embeddings. This approach has been effectively demonstrated in a number of studies (Hamilton et al., 2016; Li et al., 2019, 2020; Xu & Kemp, 2015). 
With diachronic word embeddings, the semantic stability (i.e., the inverse of the rate of semantic change) of a given word can be quantified as 
             (S2)
where  refers to the word embedding of word  in year . The historical embedding is aligned to its modern embedding using orthogonal Procrustes (Schönemann, 1966). Semantic similarity ranges from 0 to 1. For example, the semantic similarity of happy between year 1800 and 2000 is .73, much higher than words that had undergone greater semantic change, such as gay (.36), and car (.41). 
Figure S4.1 (left) shows the distribution of semantic similarity between 1800 and 2000 for 50,000 English words trained on the Google Ngram Corpus. The negatively skewed distribution suggests that the majority of words were used in similar contexts at both time points. Figure S4.2 (right) shows the semantic stability of a few words as examples. Each line represents the semantic similarity between a word’s historical meaning (across years 1800–1990) and the contemporary meaning (year 2000) of the corresponding word. The average semantic stability of the entire database is plotted in gray as a benchmark. Figure S4.2 (right) suggests that the word happy is relatively stable in its semantics over the past 2 centuries. In contrast, gay, car, and broadcast[footnoteRef:1] all changed their meaning drastically. The turning points suggest that the semantics of gay changed (from “joy” to “homosexuality”) roughly in the 1950s, whereas the semantic change of broadcast (from “spread of seed” to “spread of information”) took place earlier, in the 1920s, and the semantics of car (from “wheeled horse-drawn vehicle” to “automobile”) changed gradually over the entire 19th century.  [1:  Broadcast is shown from 1840 because its frequency was too low before 1840 to train a stable semantic representation.] 

[image: ]
Figure S4.1. Semantic similarity and stability. Both graphs are based on the Google Ngram Corpus. Left: Distribution of semantic similarities between 1800 and 2000. Right: Semantic stability of selected words. Each line represents the semantic similarity between the historical meaning (across years 1800–1990) and the contemporary meaning (year 2000) of the corresponding word. The gray line represents the average semantic similarity across all words in the Macroscope database (Li et al., 2019).

[image: ]
Figure S4.2. Distribution of word stimuli in Study 1 (turquoise) and all 10,000 words from the Calgary semantic decision dataset (red).


[bookmark: _Toc206220373]Section 5. Diffusion Decision Model
We fit two hierarchical diffusion decision models (DDMs) to each age group of each study. The two models differed only in the drift rate specifications. In Model 1, the drift rate of participant  when responding to word  followed the form , where  captures the influence of word-level semantic features on processing speed,  is a participant-specific scaling factor reflecting sensitivity to those features, and  is a participant-specific intercept. In Model 2, . The term  is a dummy variable indicating the correct response for word :  if the correct response corresponds to the upper decision boundary, and  if it corresponds to the lower boundary. The parameter  captures each participant ’s general ability to discriminate between response types, independent of a specific word stimulus. We did not estimate across-trial variability parameters for the DDMs. The full model specifications are summarized in Table S5.1. 
To fit these hierarchical DDMs, we generated four chains of 6,000 samples using RSTAN (Carpenter et al., 2017), where the first 2,000 samples of each chain were burn-ins. Among all the parameters of all the models, the largest  values were 1.014 for Model 1 and 1.006 for Model 2, indicating successful convergence of the chains. The smallest effective sample size was 425 and 622 for Models 1 and 2, respectively. The two models provided a comparable fit to the data across all studies (Table S5.2). They also led to similar results in all the analyses conducted, as the processing speed advantage of older adults relative to the other age groups was highly consistent under both models (Figure S5.1). Therefore, for parsimony, we report results from the simpler model (Model 1).
To further assess the goodness of fit of Model 1, we took the posterior mean of each parameter and generated 5,000 simulated datasets, each corresponding to a set of predictions for all trials completed by all participants. We then compared a set of simulated metrics to those computed from the observed data. These metrics included participant-level choice proportions (Figure S5.2), word-level accuracy rate (Figure S5.3), participant-level accuracy rate (Figure S5.4), participant-level response time percentiles (Figure S5.5), and word-level response time percentiles (Figure S5.6). For all simulation checks, we averaged across the 5,000 simulated datasets to obtain point estimates for the simulated metrics and used the standard deviation across simulations to quantify variability in the predicted test statistics. In addition, we computed correlations between the mean predicted values and the observed statistics across participants or words to evaluate prediction accuracy. Posterior means of the decision boundary, nondecision time, and starting-point parameters can be found in Figure S5.7.
We also performed parameter recovery analyses to assess whether the parameters in Model 1 could be reliably estimated. For each age group in each study, we generated a simulated dataset using the posterior means of the Model 1 parameters and then fit the model to the simulated data. Results are shown in Figure S5.8. All parameters were recovered with good accuracy. The most important parameter for our analyses, the average drift rate for each word, was recovered with very high accuracy.





Table S5.1. Parameter specifications for the hierarchical diffusion decision models 

	Starting point
	



	Decision boundary
	



	Nondecision time
	

	Drift rate
	






Note. In nondecision time,  denotes the minimum response time observed for participant . The parameter  is included only for Model 2. 

Table S5.2. Watanabe–Akaike Information Criterion (WAIC) comparison across models and age groups

	Study
	Age group
	Model 1
	Model 2

	Study 1
	Younger
	18,608
	18,551

	
	Middle-aged
	8,742
	8765

	
	Older
	7,630
	7,630

	Study 2
	Younger
	14,323
	14,265

	
	Middle-aged
	-8,578
	-8,663

	
	Older
	-15,252
	-15,383

	Study 3
	Younger
	4,324
	4,281

	
	Older
	2,854
	2,657


Note. Model 2 extended Model 1 by accounting for participant-level differences in their overall ability to discriminate between the two response types, independent of the specific words encountered on each trial. This effect is captured by an additional additive term in the drift rate. The two models provided a comparable fit to the data in most cases. Values in the table indicate WAIC scores; bolded values indicate the better fitting model for each dataset.

Figure S5.1. Comparisons of parameters from Models 1 and 2. Left: Each point represents an individual participant. Each panel includes estimates from all experiments and age groups. The decision boundary, nondecision time, and starting-point parameters were nearly identical across the two models. Right: Word-level processing speed advantage of older adults relative to middle-aged and younger adults. Each point represents a word. OA = Older adults; MA = middle-aged adults; YA = Younger adults.
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Figure S5.2. Observed and Model 1-simulated participant-level choice proportions (choosing concrete in Studies 1 and 2 and social in Study 3). Error bars indicate the standard deviation of choice proportions across simulated datasets. Corr = Correlation between observed and predicted values; MAE = mean absolute error.   
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Figure S5.3. Observed and Model 1-simulated word-level choice proportions (choosing concrete in Studies 1 and 2 and social in Study 3). Error bars indicate the standard deviation of choice proportions across simulated datasets. Corr = Correlation between observed and predicted values; MAE = mean absolute error.  
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Figure S5.4. Observed and Model 1-simulated participant-level accuracy rate (choosing concrete in Studies 1 and 2 and social in Study 3). Error bars indicate the standard deviation of choice proportions across simulated datasets. Corr = Correlation between observed and predicted values; MAE = mean absolute error.  

[image: ]


Figure S5.5. Observed and Model 1-simulated participant-level response time percentiles. Error bars indicate the standard deviation across simulated datasets. Corr = Correlation between observed and predicted values; MAE = mean absolute error; RT = response time.
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Figure S5.6. Observed and Model 1-simulated word-level response time percentiles. Error bars indicate the standard deviation across simulated datasets. Corr = Correlation between observed and predicted values; MAE = mean absolute error; RT = response time.
[image: ]


Figure S5.7. Posterior means of the decision boundary, nondecision time, and starting-point parameters. Each point represents an individual participant. The p values indicate results from t tests.
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Figure S5.8. Parameter recovery for Model 1. Data were simulated using the posterior means of parameters for each age group in each study. The drift rate for participant  responding to word followed the form: . is the average drift rate for word , ​ captures the influence of word-level semantic features on processing speed,  is a participant-specific scaling factor reflecting sensitivity to those features, and  is a participant-specific intercept. The starting point, the decision boundary, and the nondecision time for participant s are represented by , , and  respectively.
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[bookmark: _Toc206220374]Section 6. Accuracy and Response Time in Semantic Decision Tasks Across the Three Studies
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Figure S6.1. Response times for the semantic decision task by age group in the three studies.


Table S6.1. The t-test statistics for response time (RT) differences between different age groups across the three studies
[image: ]
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Figure S6.2. Accuracy rate in the semantic decision task by age group in the three studies.




Table S6.2. The t-test statistics for accuracy rate differences between different age groups across the three studies
[image: ]

[bookmark: _Toc206220375]Section 7. Linear Mixed Effect Model

Table S7.1. Linear mixed-effects models predicting word-level drift rate and trial-level rating polarity
[image: A table of numbers and symbols

Description automatically generated with medium confidence]
Note. Rating polarity is calculated by centering all ratings within each participant and taking the absolute value (distance from the ambiguous middle point). A significant negative interaction coefficient indicates that semantic change slows drift rate and reduces rating polarity to a greater extent in older adults compared to younger adults. CI = Confidence interval; ICC = intraclass correlation coefficient; OA = older adults.

In both models, after controlling for the log frequency of each word, age group (older adults) showed a significant positive regression coefficient for both drift rate and rating polarity. This indicates that older adults exhibited higher semantic processing speed and greater categorical clarity in word ratings. However, the negative regression coefficient for the interaction between age group and semantic change suggests that these age-related advantages diminished when participants were processing semantically changed words—both in the semantic decision task and in the semantic rating task.
Section 8. Robustness check of learning model

[image: ]
Figure S8.1. Robustness check of the learning model. Left: The top-50 model, corresponding to Figure 2g–i in the main text, in which the learning environment for each word was restricted to its 50 most frequently co-occurring words. Middle: The top-100 model, in which the threshold was expanded from the top 50 to the top 100 most frequently co-occurring words. Right: Correlation of the context-learned values for each word between the top-50 and top-100 models.
To evaluate whether our main findings depended on the specific choice of the top 50 co-occurring words, we conducted a robustness analysis comparing simulations based on the top 50 and top 100 co-occurring words. The results were highly consistent across the two versions. Both simulations produced increasing semantic differentiation over learning epochs (Figure S8.1 left, middle), and the context-learned values after 20 learning epochs were very similar between N = 50 and N = 100 (Figure S8.1 right). This robustness is consistent with the highly skewed nature of word distributions. Given the Zipfian nature of language, a relatively small number of high-frequency co-occurring words can capture a substantial proportion of co-occurrence tokens. 
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