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Abstract
Recent cognitive neuroscience research has uncovered some similarities and some differences between General semantic memory (GS; e.g., knowledge about family in general) and Personal semantic memory (PS; e.g., knowledge about my family in particular). To better understand the representational content and cognitive processes of PS and their relation to general semantics, we adapted a staple of General semantic memory research, the Property generation task. In a first study, we randomly assigned 240 adult participants to a traditional General semantics perspective (e.g., listing the properties of families and bedrooms in general) or to a PS perspective (e.g., my family, my bedroom) in a between-subjects design. In a second, replication study, 124 participants completed the task in a within-subject design, taking each perspective for different concepts. Relative to the General semantics condition, the PS condition was associated with more features; these were more semantically distant from each other, and included adjectives more frequently and nouns less frequently. However, the two conditions had substantial (~46%) overlap in the frequency of their features. The findings contribute to the identification of the cognitive differences (e.g., semantic richness) and similarities (e.g., correspondence in semantic features) between personal and general semantic memory.
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The Properties of Personal Semantics
Semantic memory (also termed conceptual, general, or world knowledge, Kumar, 2021; Quillian, 1966; Tulving, 1972) includes knowledge about words, objects, events, and people, devoid of its context of acquisition. Most contemporary models of semantic memory in cognitive psychology and cognitive neuroscience postulate that knowledge of concepts is composed of their individual features or attributes, with their representations distributed across the brain (Chen & Rogers, 2014; Devlin et al., 1998; Garrard et al., 2001; Jones et al., 2015; Kumar et al., 2022; McRae et al., 2005; Reilly et al., 2016; Riordan & Jones, 2011; Taylor et al., 2012; Yee et al., 2018). For instance, knowledge about squirrels may include that they are small mammals that climb trees, have pointed ears, and like to eat nuts (Renoult, 2016). Some features are more distinctive to this concept (e.g., has a bushy tail) whereas others are shared more broadly with other concepts (e.g., runs, is wild, Martin, 2001; Taylor et al., 2011). The set of features activated by a given concept is not invariant, but rather differs according to task and contextual factors (Kumar, 2021). Selection of the most appropriate features for a given goal depends on control processes (e.g., Badre & Wagner, 2007; Novick et al., 2009; Vatansever et al., 2021).
Much of what we know about concepts has come from the Property Generation Task (also known as the Semantic Features Task), in which participants generate as many properties (also known as features) as they can for each concept (e.g., Buchanan et al., 2019; Devereux et al., 2014; Garrard et al., 2001; Kivisaari et al., 2023; McRae et al., 2005; Montefinese et al., 2013; Vinson & Vigliocco, 2008; Vivas et al., 2021). We can aggregate each of these feature sets across multiple participants to create feature norms. Feature norms tell us about the nature of concept structures through the high-probability features (e.g., “four wheels” and “transportation” are key features of “cars”) as well as the more idiosyncratic features named by only a few people (e.g., “colour” for “cars,” Buchanan et al., 2019; Reilly et al., 2023). It is also possible to calculate a wide range of measures from these conceptual norms, such as the number of features, the types of features, and the degree to which features are unique to a concept or shared across several concepts. Features can be classified as perceptual/physical (e.g., sounds, smells, tactile, tastes and looks), functional /motor (how people interact with objects; e.g., when/where/why is it used?), encyclopedic (e.g., where did it come from? Buchanan et al., 2019; McRae et al., 2005), and sometimes even emotional (e.g., what emotion does the object/people/place evoke; McRae et al., 2005). Overall, feature norms can help us better understand the differences and similarities between concepts (Buchanan et al., 2020) and help us establish and evaluate theories of semantic memory (Buchanan et al., 2020; McRae et al., 2005).
Declarative memory was originally viewed as consisting of a dichotomy between two main types — semantic memory as general knowledge (e.g., “Coffee is often served with milk or cream, and sugar”) versus episodic memory as recollection of an autobiographical event from a specific time and place (e.g., “I put too much cream and sugar in my coffee this morning”). This dichotomy left personal knowledge (e.g., “I always take my coffee with cream and two sugars”) in a theoretical void between the two (for reviews relevant to the history of semantic memory see Reilly et al., 2023; Renoult & Rugg, 2020). Although early descriptions assumed that personal semantics (PS) was part of semantic memory (Cermak & O’Connor, 1983; Kopelman et al., 1989a), recent evidence suggests that PS may be at least partially distinct from general semantic (GS), as well as from episodic memory (Renoult et al., 2012). Moreover, personal semantic details themselves may be fractionated into categories such as self-knowledge (e.g., “I am outgoing”), autobiographical facts (e.g., “My best friend lives far away”), repeated events (e.g., “I have been  doing yearly trips to new places with a core group of friends”), extended periods of times like life chapters (e.g., “Finding my chosen family”), and autobiographically significant concepts (e.g., knowledge of Taylor Swift that evokes the memory of a friend raving about her last month, Conway et al., 2019; Renoult et al., 2012; Thomsen, 2015). Cognitive neuroscience studies have shown that PS and GS can be distinguished on the basis of brain activity (Maguire & Frith, 2003; Maguire & Mummery, 1999; Renoult et al., 2016; Tanguay et al., 2018, 2022, 2023), and that knowledge about the self, knowledge about other people, and knowledge about the world in general can be differentially impaired by brain lesions (Damasio et al., 1985; Duval et al., 2012; Grilli et al., 2018; Grilli & Verfaellie, 2014, 2016; Marquine et al., 2016; Stendardi et al., 2023; Wank et al., 2021; see also Curot et al., 2017).
However, the component process view of PS suggests that subtypes of declarative memory are not entirely distinct (e.g., semantic versus episodic systems) and not necessarily associated with specific modes of retrieval (e.g., familiarity for semantic memory; Cabeza & Moscovitch, 2013; Renoult et al., 2019). Rather, they engage a similar set of cognitive processes and brain regions, but to a variable extent (Cabeza & Moscovitch, 2013; Moscovitch, 1992; Renoult et al., 2012, 2016; Tanguay et al., 2018; Tanguay et al., 2023). The exact cognitive processes and representational content that drive differences and similarities across all memory types (including GS and episodic memory) are not well understood. Research on PS has expanded in recent years (e.g., Acevedo-Molina et al., 2020; Renoult et al., 2020; Sheldon et al., 2020; Strikwerda-Brown et al., 2018), but little is known about its content and structure relative to GS. One model, the self-memory system, interconnects the conceptual self, the life story schema, lifetime periods, general events, and specific events in a hierarchical structure that follows a gradient of specificity (Conway et al., 2019). A cue would map onto and activate specific items of knowledge, and this activity would spread to related concepts throughout a transient network structure (Conway, 1996, 2005; Conway et al., 2019), much like the spreading activation in GS networks (Collins & Loftus, 1975). The self-memory system does not explicitly address interactions between PS and GS because none of its components directly correspond to semantic memory (Conway & Pleydell-Pearce, 2000). The framing of the model implies that concepts may be like any sensory (e.g., sound, taste) or emotional cues that can elicit autobiographical memories (Conway, 2005; Conway et al., 2019; Conway & Pleydell-Pearce, 2000; for a similar perspective see Tulving, 1983). At the core of the present study is the premise that similar mechanisms, such as spreading activation, apply to both PS and GS, and that taking a feature- or network-based approach will be invaluable for understanding their content and structure. Although there exists a variety of features norms for semantic memory (e.g., features of “friends” in general such as their availability; Buchanan et al., 2019; Devereux et al., 2014; McRae et al., 2005; Vinson & Vigliocco, 2008), to our knowledge, none exists for the personal content of concepts (e.g., what is the meaning of “friends” for me), which should be rooted in PS.
[bookmark: the-property-generation-task-for-ps]The Property Generation Task for PS
How would participants complete the Property Generation task if it were to focus on PS as opposed to the typical case of focusing on GS? One clue comes from autobiographical verbal fluency tasks. In autobiographical verbal fluency tasks, people list as many self-relevant exemplars (or members) of a category as possible, such as their own traits (e.g., “I am…,” Coste et al., 2015), or names of friends (e.g., Dritschel et al., 1992; Grilli et al., 2021), locations (e.g., Greenberg et al., 2009; Ryan et al., 2008; Sheldon & Moscovitch, 2012), or events that range from the general to the specific (e.g., events that lasted several days or happened many times vs. an event that happened at a specific time and place, Coste et al., 2015; Dritschel et al., 1992; Piolino et al., 2010; Tomadesso et al., 2019). People use multiple strategies to search for exemplars, such as visualizing personal spaces (e.g., “things in a bedroom”) or accessing personal information (e.g., “birthday presents,” Greenberg et al., 2009; Ryan et al., 2008; Sheldon & Moscovitch, 2012; Unsworth et al., 2014; Vallee-Tourangeau, 1998). Some concepts in these verbal fluency tasks (e.g., Dritschel et al., 1992; Ryan et al., 2008) specifically engage personal knowledge (e.g., “my bedroom”).
In the present study, we took inspiration from the stimulus lists used in these experiments, but our task itself differed in important ways. Unlike verbal fluency or similar tasks, participants did not simply list any exemplars of a category or freely associate; rather, they listed the features that make up the meaning of a concept, as in Property Generation tasks. For instance, saying that cats and dogs are animals, or that “Lidia” and “Martin” are friends, offers examples of these categories but does not give the meaning of these concepts (e.g., what is an animal? what is a friend?), and in some cases may provide limited information on their appropriateness as exemplars for their respective categories. Property Generation tasks, in contrast, entail identifying the features of a concept (e.g., a dog is a domestic animal, a friend is caring and keeps in touch). One could say, for example, that a friend is someone who cares first and foremost; if my friend Lidia had that key feature, she would be considered a friend despite being in contact only infrequently. Therefore, as reviewed above, Property Generation tasks can adequately identify salient features and the scope of the network of features associated with the meaning of a concept.
Another clue about the feasibility of a PS adaptation comes from perspectives highlighting the flexibility and context-dependence of semantic networks (Barsalou, 2020; Lambon Ralph et al., 2017; Yee & Thompson-Schill, 2016). Responses on Property Generation tasks, even when focused on GS, are not necessarily consistent across people nor even stable over time within an individual (reviewed in Barsalou, 1993). Information associated with a concept is vast, and only a subset will become salient at a given time (Buchanan et al., 2019; McRae et al., 2005). Thus, instructions could in theory be used to shift the focus from general to personal information; the salient features should then be rooted predominantly in knowledge that is personal (e.g., my car is red, my favorite car is the Lincoln Aviator).
The general versus personal emphasis when accessing knowledge might influence the salience of features (e.g., a “loud gatherings” could be a salient feature of family for a person in the PS but not GS sense), the extent of the activated network (e.g., “family” could trigger knowledge about many family members and features applicable to each, expanding the network), and the composition and diversity of features (e.g., “family” could focus on roles/relations in the GS sense but also cover familial traits, recurring activities together, major milestones like a wedding, and so on, in the PS sense, Mace, 2023; Westmacott & Moscovitch, 2003).
In addition to differences in representational content, the current study’s rationale and hypotheses hinge on the potential role of one component process in explaining the features of PS versus GS: relational processing. One theoretical perspective links relational processing, or the flexible use and combination of arbitrary information (Duff et al., 2020; Rubin et al., 2014), to semantic and episodic memory. That is, much as we probably recombine a variety of episodic details in a flexible way to recreate an event (Schacter & Addis, 2007), we can also benefit from a flexible configuration of rich semantic information (Duff et al., 2020; Solomon & Schapiro, 2020). For example, people with bilateral hippocampal lesions, and corresponding impairments on relational memory tasks, generate fewer features on a GS task (Klooster et al., 2020; Klooster & Duff, 2015), and these features are less semantically distant from one another (Cutler et al., 2019), compared to control participants. If PS is sometimes associated with a greater engagement of the hippocampus relative to GS (Maguire & Mummery, 1999; Tanguay et al., 2023), it may be because PS is more likely to produce a rich and diverse network of features. A first step in investigating this possibility is to scrutinize the networks of semantic features for PS, and carefully compare them to those for GS.
[bookmark: current-study]Current Study
In this study, we adapted the Property Generation task and modified it minimally from its standard administration for GS (Klooster & Duff, 2015; from McRae et al., 2005) to directly compare the structure and representational content of GS and PS. Participants had up to two minutes to write as many features as possible of each concept in the general sense (e.g., what is a “family” in general) or in the personal sense (e.g., “my family”). We did not expect responses to contain only GS or PS features, but rather to sample predominantly from one category or the other, depending on the instructions. Furthermore, we anticipated that responses to a concept like “my partner” would draw from a variety of PS subtypes (e.g., personal traits, beliefs, repeated events, life chapters, autobiographical facts), including personal events perceived as constitutive of knowledge about that concept (e.g., “I met my partner at a carnival two years ago” for the cued concept “my partner”), in keeping with the interconnected structure of autobiographical memory (Conway et al., 2019).
As preregistered, the main hypotheses of the study were: 1. If the heightened hippocampal activity for PS compared to GS (Maguire & Mummery, 1999; Tanguay et al., 2023) reflects a higher likelihood of engaging in relational processing, the PS condition will elicit a higher number of features than GS (Klooster et al., 2020; Klooster & Duff, 2015). 2. Due to the individual nature of PS, concepts will have fewer shared features across participants and more idiosyncratic features in the PS than GS condition (see Sheldon & Moscovitch, 2012). 3. We also expected that PS would have more shared features across concepts than GS (McRae et al., 2005; this hypothesis was not preregistered). 4. Based on the relational processing hypothesis, the features of PS will be associated with larger semantic distances from concept-to-feature and from feature-to-feature than the features of GS. 5. Participants will report having more frequent thoughts about personal events while listing features in the PS than the GS condition, due to PS’s proximity to episodic memory (Conway et al., 2019; Renoult et al., 2016; Sheldon et al., 2020; Tanguay et al., 2023). 
Our main hypotheses are depicted in Video 1 (see also preregistration https://osf.io/ypdt8).
Video 1
Study Hypotheses
[image: HipVideo2_Anon.jpg]
Note. This online video shows the main hypotheses of the study. The original PowerPoint file is available on https://osf.io/ypdt8.
The between-subject design of Study 1 minimized sensitization to the goal of the study and to the expected differences between conditions (as described above). Nevertheless, the examples could have introduced demand characteristics. Indeed, the Property Generation task is difficult to grasp without examples, and these are only helpful to the extent that they are relevant. Our hypotheses imply that the combination of features may be part and parcel of PS. If so, eliminating detailed examples entirely from PS may be complicated (and even undesirable), but a match could be achieved in other ways. In Study 2, we counterbalanced the conditions in a within-subject design and we modified the examples used for GS and PS so that they were matched on key variables of interests, that is, the number of features and the diversity of parts-of-speech. Study 2 preserved all other aspects, including the implementation in Qualtrics (Qualtrics, 2021; 2025) and the recruitment through Prolific (Prolific, 2021, 2025), to facilitate comparison across studies. Through Study 2, we further aimed to eliminate interindividual differences that may confound contrasts of interests in between-subject designs, and to conduct a replication. We expected to replicate all key findings of Study 1 despite the modification in study design and examples.
[bookmark: methods]Methods
[bookmark: participants]Participants
Study 1
We recruited 311 participants, including 136 women, 171 men, and three non-binary or other gender identities, with a mean age of 26.75 years (SD = 5.13) and a mean of 15.29 years of education (SD = 2.34). Some participants did not report demographic information: 1 for gender, 5 for age, and 8 for education. We recruited from Prolific (Prolific, 2021), an online pool of participants that produces data quality equal to or better than a student pool and facilitates access to a more diverse sample (Palan & Schitter, 2018; Peer et al., 2017; Uittenhove et al., 2023). Participants received a $5 compensation for their participation, which was expected to take a maximum of 30 minutes. The Health Sciences and Sciences Research Ethics Boards of the University of Ottawa approved the ethical aspects of the study (H-07-20-5955; date of initial approval: 23/09/2020).
As preregistered, we excluded participants with: 1) incomplete data or an incorrect response to a simple attention check (described below; n = 31), 2) a low number of features (i.e., less than five feature lines on average; n = 21), 3) a low duration per trial (we considered more than three trials out of six with a duration less than 40 seconds to be suspicious, due to the minimum of 30 seconds per trial; n = 6), 4) a disclosed neurological/psychiatric disorder or related medication (n = 11), 5) residence outside of Canada (n = 1), and 6) nonsensical responses on more than one trial (n = 1). The research team agreed on the exclusion of one participant and one concept each for two participants in the GS condition due to nonsensical responses. We did not exclude participants who disclosed using cannabis (n = 9 in the GS condition, n = 4 in the PS condition).
Two hundred forty participants were included in the final sample, half of whom completed each condition (120 participants in GS, 120 in PS; see Table 1 for sample characteristics). The two groups were balanced on age, gender, education, and proportion with English as a first language (see Table 1 below). The sample size was based on norms of semantic features (McRae et al., 2005); that is, we aimed to have around 30 participants per subset of concepts (four subsets of six concepts) in the two conditions (range 27 to 32 participants per subset/condition). No equivalent study could serve as an adequate basis to estimate the effect size of the difference between GS and PS. However, we planned for a small to moderate effect size ( = .05) based on event-related potentials (ERP) findings suggesting that differences between GS and PS can be small for semantic processing (Coronel & Federmeier, 2016; Renoult et al., 2015; Tanguay et al., 2018, 2020), although this may depend on the type of PS (Renoult et al., 2016). The actual sample size was larger than the required sample size (N = 202) to detect an effect if the effect size was small to moderate, with a power of  = .90, numerator df [GS vs. PS] = 1, groups [cells of the design] = 8,  = .05, tested in G*Power 3.1.9.7 (Faul et al., 2007).
[bookmark: tab:unnamed-chunk-5]Table 1
Demographic Characteristics in Study 1
	
	General semantics (n = 120)
	Personal semantics (n = 120)
	Statistics

	Age in years
	M = 27.10 (SD = 5.20, 18-45)
	M = 26.68 (SD = 5.01, 18-36)
	t(237) = 0.63, p = .526

	Gender
	54 women, 65 men, 1 Non-binary/Unlisted
	60 women, 60 men
	 (2, N = 240) = 1.52, p = .469

	Highest level of education in years
	M = 15.33 (SD = 2.34, 12-20)
	M = 15.36 (SD = 2.29, 12-20)
	t(235) = -0.10, p = .918

	First language
	106 English, 14 other language
	110 English, 10 other language
	 (2, N = 240) = 0.42, p = .519


Note. Undisclosed information: Two for highest level of education in General semantics, one for highest level education and one for age in Personal semantics.
 
Study 2
We recruited 164 participants from Prolific (Prolific, 2025), including 77 women, 86 men (and one person who did not to report their gender), with a mean age of 30.32 years (SD = 5.03) and mean years of education of 15.74 years (SD = 2.02). As in Study 1, we excluded participants with: 1) incomplete data or an incorrect response to a simple attention check (n = 16), 2) a low number of features (n = 12), 4) a disclosed neurological/psychiatric disorder or related medication (n = 8). Four participants were excluded due to PS intrusions on all of GS cues as voted by three authors (AFNT, LR, PSRD). As a result, 124 participants were included in the final sample (see Table 2 for characteristics). The goal was to achieve a similar number of participants per condition (i.e., ~120) as Study 1 after exclusion. For an equivalent effect size, a within-subject design should increase statistical power.
Table 2
Demographic Characteristics in Study 2
	
	Descriptives (n = 124)

	Age in years
	M = 30.30 (SD = 4.96, 19-39)

	Gender
	58 women, 65 men, 1 undisclosed

	Highest level of education in years
	M = 15.81 (SD = 1.93, 12-21)

	First language
	112 English, 12 other language


Note. Undisclosed information: One for gender.

[bookmark: measures]Measures
Property Generation Task
[bookmark: tab:unnamed-chunk-7]Study 1. Participants generated features of concepts, thinking either about their meaning for people in general (GS condition) or for themselves (PS condition). The instructions from Klooster and Duff (2015), based on McRae et al. (2005), were slightly modified to accommodate this comparison of GS and PS, and also to reflect the written format of the task (as in Buchanan et al., 2019; McRae et al., 2005). In the GS condition, participants read: “Please write as many properties of the concept to which the word refers in terms of its meaning for people in general.” In the PS condition, participants read “Please write as many properties of the concept to which the word refers in terms of its meaning for you (e.g., your life or who are).” Pilot participants in the PS condition disclosed being unsure whether they should name features that would be unique to them. Hence, for that condition, we added: “This means properties may be unique to you.” As in the original instructions, the instructions then listed what could be properties of the concept, such as “physical properties”, “functional properties”, “things that the concept is related to”, and “any other facts”. The “any other facts” read as: “other facts, such as how it behaves, or where it comes from”, taken from McRae et al. (2005), which we expanded (in bold): “and any other facts, such as how it behaves and traits, any preferences or where it comes from or is located”. Participants received the same instructions in both conditions, except as indicated above in italics, and they read examples for the same concepts (i.e., wedding, bookstore, dog), but with features corresponding to the condition. Pilot data inspired the examples (ten from Prolific and two from the Laboratory’s network). See Supplementary Table 1 for the full list of example features. After processing with the bag-of-words approach used in this paper, the concepts had the following number of features: bookstore had 19 for GS and 33 for PS, dog had 19 for GS and 27 for PS, and wedding had 16 for GS and 25 for PS. The total parts-of-speech over all concepts were 34 (49.28%) in GS and 33 (29.46%) in PS for nouns, 10 in GS (14.49%) and 20 (17.86%) in PS for adjectives, 19 (27.54%) in GS and 26 (23.21%) in PS for verbs, and 1 (1.45%) in GS and 9 (8.04%) in PS for prepositions, with other parts-of-speech being infrequent.
As stimuli, we selected 24 nouns that were places, events, or people that could take a different meaning in the general versus personal sense (e.g., house, job, family, inspired from Dritschel et al., 1992; Greenberg et al., 2009; Ryan et al., 2008; Sheldon & Moscovitch 2012; see Supplementary Material for additional details on stimuli). Most personally relevant concepts should have a corresponding meaning in terms of world knowledge, but the opposite may not be true. For example, a person may know about black holes while black holes would have little to no meaning for their personal identity or life story. Hence, we selected concepts on the basis of their likely personal relevance in a broad population. Due to their broad relevance, these concepts should be commonly found in PS stimuli, instructions, or responses (e.g., Kopelman et al., 1989b; Melega et al., 2024; Wank et al., 2021). Participants completed the Features task for a subset of six concepts (two places, two events, two objects). The selection of the six concepts was not random, but rather predetermined such that approximately 30 participants in each group would see the same six concepts. As we attributed six out of the 24 concepts to each participant, there were four possible subsets of concepts. Although the two conditions included the same concepts, they were introduced with “my” in the PS condition (e.g., my family) to emphasize the personal perspective of that condition throughout the task (similar to Ryan et al., 2008, who added “you” or “your” for autobiographical memory). We pseudo-randomly attributed concepts to one of the four subsets. Each subset included two places, two events, and two people concepts. Participants completed the six trials of a subset in a random order (see Figure 1 for an illustration of a trial). The duration of each trial was restricted to a minimum of 30 seconds (to minimize speeding through the task) and a maximum of 2 minutes (the upper limit was inspired from Blumenthal et al., 2017; Klooster & Duff, 2015). The trial duration is also similar to the one of feature norms (Devereux et al., 2014; McRae et al., 2005; Vinson & Vigliocco, 2008), according to an estimate based on the number of trials and total study duration. A total of six concepts per participant and 24 overall limited the study duration to reduce effects of fatigue.
Figure 1
Trial of the Property Generation Task
[image: figure1.jpg]
Note. An example of a trial for the GS condition with the concept “friend”. The maximal number of lines participants could fill was 25 (abbreviated above), and the timer was shown at the bottom of the screen. Participants reached the maximum number of lines only 17 times out of all responses for Study 1 and five times for Study 2, with six to eight being the most frequent number of lines used in both conditions. The timer was only visible after scrolling down the screen.
After each trial of feature generation for a concept, participants provided three separate ratings to indicate how frequently events came to mind when listing the features. Each rating referred to one of three categories of event memory: 1) single events that happen at a specific time and place, 2) events that last an extended period (more than 1 day), and 3) events that happen repeatedly, like a routine. Participants could select never, sometimes, half of the time, most of the time, and all the time. If any events came to mind, participants then rated the number of details of these event types by selecting an option from “faint with few details” (1) to “exceptionally clear with great detail recalled” (5). Next, all participants rated the intensity of their emotions when they listed the features from “devoid of emotional experience” (1) to “intense emotional experience” (5). The trial ended with a rating of personal significance of the concept from “not significant” (1) to “greatly significant” (5). The preregistration included the full instructions and pictures of the rating scales (see https://osf.io/ypdt8).
Study 2. In Study 1, the PS condition had slightly more information than the GS condition in its instructions, in bold: “Please write as many properties of the concept to which the word refers in terms of its meaning for you (e.g., your life or who are). This means properties may be unique to you.” Consequently, we modified the instructions of both conditions to improve the match (in bold): “Please write as many properties of the concept to which the word refers in terms of its culturally-shared meaning, for people in general. This means properties may be shared with other people” in the GS condition, and “its personal meaning, for you specifically. This means properties may be unique to you” in the PS condition. Both conditions further stated “any other facts” included those in “relation to events or identity”. In Study 1, the instructions included examples intended to be representative of each condition and accordingly, not matched. In Study 2, Participants received examples (set 1: wedding[s], bookstore[s], dog[s]; set 2: graduation[s], movie theatre[s], cat[s]) that were counterbalanced to appear in the GS or PS condition. The GS and PS versions of a cue had exactly the same number of words on each line and in total and referred to a similar content (see Supplementary Table 2). Additionally, the examples of all concepts, in both versions, comprised 56 features once processed using the bag-of-words approach used in this paper. The total parts-of-speech of the six concepts were similar between conditions (i.e., noun: 171 in GS and 158 in PS; adjective: 62 in GS, 60 in PS, verb: 81 in GS and 95 in PS, prepositions: 45 in GS and 37 in PS). The participants received randomly three distinct concepts in each condition out of the 24 concepts (from Study 1), one from each category: activity, person, place. The order of the conditions (GS first, PS first) was counterbalanced across participants. All the concepts for a condition were blocked together to reduce confusion within participants. The task was identical to Study 1, with the exception of those changes and an added function to prevent the copy/pasting responses from online sources. We screened data thoroughly for responses indicative of copying and pasting in Study 1. The explosion of artificial intelligence use between our running Study 1 and Study 2 heightened our concerns around plagiarism, prompting the implementation of this additional copy-paste blocking measure in Study 2. We further minimized the likelihood of participants relying on artificial intelligence in Study 2 through the separation of responses across lines, the 2-minute time limit per trial along with the stringent criteria for inclusion (e.g., minimum number of responses per trial) and a researcher screening all responses (as in Study 1).
Survey of Autobiographical Memory (SAM) – Episodic Memory Subscale (Palombo et al., 2013)
The eight items of the episodic memory subscale assess the perception of stable characteristics of one’s own episodic memory function, such as number of details and confidence in the recollection. A higher score reflects a perception of having better episodic memory function. We included this scale for secondary research questions, not included in this paper.
[bookmark: procedure]Procedure
Study 1
Participants filled a demographic and health questionnaire before being redirected to the Features task. This questionnaire ended with an attention check that asked about the topic of the survey with instructions to select “other” and type their favorite color (inspired by instructional manipulation checks, Oppenheimer et al., 2009). The Features task also included a more demanding attention check that we did not expect all participants to succeed in; however, it was included as supporting information regarding the overall quality of the data. The concept was “stop” and the instructions asked participants to stop and skip to the next trial. The appearance of the trial and the amount of text were similar to regular trials. Of the included participants, 40.83% did not pass this attention check, but provided high quality data otherwise (e.g., passing other attention checks, providing sensical responses, spending more than the minimum time on trials, and giving more than a few responses per trial). After the Features task, participants completed the episodic memory subscale of SAM. We inserted an attention check where participants had to select a specific response from one of the five response options (selected randomly from SAM’s response options). Participants had to correctly respond to this simple attention check to be included in the sample. The study ended with the participants rating the difficulty of the main task, whether they agreed they participated to the best of their ability, and their satisfaction with their study experience. All study components were self-administered on Prolific (Prolific, 2021) using a Qualtrics (Qualtrics, 2021) survey following an approach inspired by Buchanan et al. (2019) for collecting feature norms.
Study 2
The procedure was identical with the following exceptions. The order of the conditions (GS first, PS first) was counterbalanced across participants. Moreover, we kept the demanding attention check to preserve all aspects of Study 1, but changed the cue to “Instructions(s)” to shift the focus to the alteration in instructions. Of the included participants, 45.16% failed this attention check, yet produced quality responses. Further, we collected ratings of effort and difficulty after each condition.
[bookmark: processing-and-scoring-of-features]Processing and Scoring of Features
Study 1
Responses from participants in the GS and PS conditions differed qualitatively and quantitatively, for instance, in the amount of text per line (as further explored in the results section). For example, a participant in the GS condition wrote “challenging” on one line for the concept of “school” (ID = 46), whereas a participant in the PS condition wrote “libraries not as nice as my undergraduate institution” on one line and “symbolic association with wisdom, knowledge, and innovation” on another line (ID = 48). To equate the conditions, we took a bag-of-words approach (based on recent norms; Buchanan et al., 2019, 2020), but we also scored the number of features manually. In the bag-of-words approach (described below), a feature would be each word (or token) retained after cleaning. The bag-of-words approach alleviates concerns about biased scoring due to the impossibility of blinding scorers to condition.
The steps for the bag-of word approach were inspired from the guidelines and scripts of Buchanan et al. (2020) on preprocessing data from Properties Generation tasks (see Figure 2 for an overview of the steps). We computed metrics on the lemmatized features, which approximates McRae et al. (2005)’s approach of amalgamating the responses that are phrased differently but contain the same information.


Figure 2
Text Processing Pipeline
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Note. In Step 1, we replaced identifying names with unique labels for each instance per participant (e.g., Name1, Store1, City1). In Step 2, tokenization separated text into word units, which were spell checked using Hunspell (Joroen Ooms and Authors of libhunspell, 2020). De-identified and corrected responses were used in all analyses of the paper. In Step 3, TreeTagger (Schmid, 1994) tagged parts-of-speech and put the features in their lemma form (e.g., beaches [noun] -> beach, relaxing [verb] -> relax). In Step 4, we removed the cued concept from the responses (e.g., “friends are helpful” for the concept “friend” would get “friends” removed; i.e., friend cannot be a feature of friend), word fragments on the last lines, and parts-of-speech that convey little meaning: determiner, possessive, existential, symbol, punctuation, predeterminer, conjunction, to, comma, listmarker, and full stop. In Step 4, we computed the following key metrics: number of features, idiosyncratic features, distinguishing features, cosine similarity, and number of parts-of-speech. The steps required the following packages: stringi (Gagolewski, 2021), tokenizers (Mullen et al., 2018), koRpus (Michalke, 2021), koRpus.lang.en (Michalke, 2020), and other versatile R packages cited in text. The figure was prepared using DiagrammeR (Iannone, 2023).
Additionally, the number of features was scored by two raters. One was a research assistant who was naïve to our research question, hypotheses, and methods, and the other was KT. We tested consistency on single measures using the irr package (Gamer et al., 2019) and a two-way model. A feature was an element of the concept, conveying unique meaning about the concept (see Table 3 for examples). Strict repetitions of previously mentioned features and the concept itself did not count, but scorers included semantic errors (e.g., an orange is a vegetable) and events as features. Semantics errors were included because accuracy could not be verified for the PS condition. Hence, features reflect a person’s knowledge about a concept regardless of accuracy. We assessed agreement using pilot data (n = 10 participants) and a random subset of the included data (n = 22 participants). Agreement for the average number of features per participant was excellent, ICC(C,1) = 0.98, CI 95% [0.95, 0.99]. The high ICC suggests that prior knowledge of the study minimally influenced the second rater. The scoring aimed to offer converging evidence to the bag-of-word approach, which had the advantage of being free from bias due to researcher expectations or awareness of distinct responses.
Scorers further indicated whether features were intrusions, such that participants generated personal features in the GS condition. We assumed that participants followed the instructions, unless the features clearly suggested otherwise. For example, “my job is the worst” for the concept “job” would unambiguously be personal and an intrusion for the GS condition, whereas “most people like a big bed” would be general and an intrusion for the PS condition. Single measure agreement on the number of intrusions per participant was acceptable, ICC(C,1) = 0.67, CI 95% [0.43, 0.83].


[bookmark: tab:unnamed-chunk-11]Table 3
Examples of Scored Features
	ID
	Group
	Concept
	Feature
	Intrusion

	36
	GS
	birthday
	Everyone has one (1 feature)
	No

	60
	PS
	birthday
	on my birthday, my family (1 feature) gathered (1 feature) to have a party (1 feature).
	No

	21
	GS
	friend
	can be human (1 feature) or animal (1 feature)
	No

	147
	PS
	friend
	gamers (1 feature)
	No

	112
	GS
	boss
	Man, is there anything positive to say about my boss? (1 feature)
	Yes

	179
	PS
	boss
	Has a big heart (1 feature)
	No


Note. For a participant ID, Group (GS = General semantics, PS = Personal semantics), and concept, the number of scored features on a line, and whether it was scored as an intrusion.

Further, we calculated semantic distance with the Text package (Kjell et al., 2023), first obtaining word embeddings using the RoBERTa model (roberta-base), an improvement on BERT models (Liu et al., 2019). Next, we computed the semantic distance from one line of response to the next line using the textDistance function with the Euclidean method, after the embeddings were centered and scaled. Higher values indicate higher semantic distance. This analysis diverged from pre-registration because SemDis (Beaty & Johnson, 2021) requires that the cue is a single word. Further, we only calculated semantic distance from line-to-line because previous analyses of Study 1 data suggested semantic distance from concept-to-line produced equivalent results.
Study 2
This study used only the bag-of-words approach due to this measure obtaining a high correlation with manual scoring in Study 1 (see Total Number of Features in the main results section). The pipeline was identical. One researcher (AFNT) singled out all PS intrusions in the GS responses, which two other researchers (PSRD, LR) verified. There were no GS intrusions in the PS condition. This approach to verification of intrusion was intended to preserve a maximum of data.
[bookmark: data-analysis]Data Analysis
Study 1
We conducted analyses in R (R Core Team, 2021), using papaja (Aust & Barth, 2020), knitr (Xie, 2015), english (Fox et al., 2021), lme4 (Bates et al., 2015), dplyr (Wickham et al., 2021), tidyr (Wickham, 2021), tidyverse (Wickham et al., 2019), and effectsize (Ben-Shachar et al., 2020, and additional packages cited in text) to create a reproducible manuscript.
For main analyses, we used mixed effects regression models that predicted the dependent variable of interest (e.g., number of features generated) as a function of condition (effect coded; GS = -0.5, PS = 0.5) with a linking function appropriate to the data structure (log for count data and logit for binary data). The random effects structure was determined using the Buildmer package in R (Voeten, 2023) which identifies the largest possible regression model that will converge and uses stepwise elimination to find the most parsimonious model based on information criteria. The maximal model included random intercepts for participant, concept, and subset of concepts and random slopes for condition by concept and subset of concepts[footnoteRef:1]. To interpret significant coefficients, we used incidence rate ratio for log-linked regressions and odds ratios for logit-linked binomial regressions. [1:  Our preregistration included subsets of concepts as covariate. We made a modification to use mixed effects models to account for the random variability introduced by differences in participants and stimuli (concepts and subsets of concepts), because there are multiple observations clustered within each of these factors. This approach accounts for this non-independence and variability in the dependent variables that might be attributed to it. See https://osf.io/ypdt8 for a description of all deviations.] 

We calculated cosine similarity using the lsa package (Wild, 2022) to obtain a metric of the conditions’ similarity in terms of the frequency of features generated for a given concept. The calculation compared GS and PS in terms of the frequency with which a feature was named across all participants of that sample, and this was done for all of the features generated in either condition, while accounting for the total number of features in each condition. In text-based applications, cosine similarity can range from 0 (no similarity) to 1 (perfect similarity).
Additional analyses on participant experience and task performance compared the GS and PS with t-tests for data meeting assumptions of parametric tests and the Wilcoxon rank sum test with continuity correction in other cases. For parametric tests, we brought univariate outliers closer to the mean at z = 3.00 (using winsorZ, Pagliaccio, 2021) and excluded bivariate outliers for Pearson correlations determined with the Mahalanobis distance (p < .01; see preregistration).
Study 2
The modifications to the design led to a few adaptations to the analyses. First, we omitted the subset of concepts as a random effect because of the random selection of concepts in Study 2. Second, we were able to add random slopes of condition by participant due to the within-subject design. The maximal models included random intercepts for participant, concept, task order (GS first, PS first), and random slopes for condition by participant, condition by concept, and condition by task order.
[bookmark: results]Results
[bookmark: main-analyses]Confirmatory Analyses
Total Number of Features
Study 1. We examined the number of features produced by participants in the GS and PS conditions, first using a bag-of-words approach and then using the manually scored data. The models included random intercepts for participant and concept. Using the bag of words approach, we found a significant effect of condition , 95% CI , ,  (see Figure 3a); participants produced approximately 1.30 times as many features in the PS (M number of features = 20.26; SE = 0.84) as in the GS condition (M = 15.24; SE = 0.55). Similarly, there was a significant effect of condition using the manually scored data , 95% CI , , ; participants produced approximately 1.11 times as many features in the PS (M number of features = 14.05; SE = 0.49) as in the GS (M = 12.61; SE = 0.42) condition when data were scored manually.
A Pearson correlation showed a strong positive relation between the mean number of features (averaged across concepts for each participant) that were obtained using the bag-of-words approach and manual scoring, , 95% CI , , . However, the rules of manual scoring signify that pronouns, prepositions, and modal verbs were unlikely to be manually scored as a single feature. Their removal from the bag-of-words data yielded a stronger correlation with manually scored data, , 95% CI , , , suggesting that the bag-of-words could be optimized to maximize the fit with manual scoring. Nevertheless, we retained all the processed data from the bag-of-words approach because of their potential semantic value. All subsequent analyses on features exploited the bag-of-words data.
Study 2. The model tested the effect of condition on the number of features estimated using the bag-of-word approach. The model included random intercepts for participant and concept, and random slopes of condition by participant. We found a significant effect of condition , 95% CI , ,  (see Figure 3b); participants produced 1.17 times as many features in the PS (M number of features = 23.27; SE = 0.92) as in the GS condition (M = 20.19; SE = 0.85). 


Figure 3
Total Number of Features Per Concept
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Note. This figure shows the mean number of features counted using the bag-of-words approach for a) Study 1 (GS: M = 15.24; SE = 0.55; PS: M = 20.26; SE = 0.84) and b) Study 2 (GS: M = 20.19; SE = 0.85; M = 23.27; SE = 0.92). A line links each concept between the two conditions (GS left, PS right). The figure was prepared using the ggplot2 (Wickham, 2016) and Scales (Wickham & Seidel, 2022) packages.
Number of Shared and Idiosyncratic Features (Across Participants)
Study 1. When only a small subset of the sample (i.e., 16% or less, based on Buchanan et al., 2020; McRae et al., 2005) generate a feature for a concept, these are labelled “idiosyncratic features”, whereas more frequent features are labelled “shared features” (based on Buchanan et al., 2020; McRae et al., 2005). As an example that applies to both conditions in this study, “sleep” was a shared feature of bedroom because it was named by more than 16% of participants (in that condition), and “book” was an idiosyncratic feature of bedroom because it was named by 16% or less of the participants (in that condition; see Figure 4). We examined the probability that participants produced an idiosyncratic feature (idiosyncratic = 1, shared = 0) as a function of condition, with a random intercept for concept. Contrary to expectation, there was no significant effect of condition, , 95% CI , , , indicating that the probability of participants producing an idiosyncratic feature did not significantly differ between the PS (M proportion of idiosyncratic features = 0.94; SE = 0.00) and GS (M = 0.93; SE = 0.01) conditions.
Study 2. The equivalent model on idiosyncratic features included a random intercept for concept, and random slopes for condition by concept. The effect of condition was not significant (as in Study 1) but approached significance, , 95% CI , , , in the originally predicted direction of higher idiosyncratic features for PS (M proportion of idiosyncratic features = 0.87; SE = 0.01) than GS (M = 0.85; SE = 0.01).

Figure 4
Top Features Per Condition
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Note. The 25 most frequent features per condition (Study 1 left and Study 2 right) for three concepts: bedroom, friend, and hobbies. The x axis shows the percentage of the sample who listed the feature. Features with 16% or less would be considered “idiosyncratic” features. The figure was prepared using the ggplot2 (Wickham, 2016), tidytext (Silge & Robinson, 2016), forcats (Wickham, 2021), and ggpubr (Kassambara, 2020) packages.
Number of Distinguishing Features (Across Concepts).
Study 1. Idiosyncratic features are assessed relative to their overall frequency in a sample. Distinguishing features are instead categorized based on their occurrence across concepts (McRae et al., 2005). For example, the feature “sanctuary” was only named for the concept “bedroom”, making it a distinguishing feature of bedroom in this dataset (this was true in both conditions coincidentally). In comparison, many concepts shared the feature “love” (e.g., family, cooking, bedroom) and so the feature “love” was less useful to distinguish concepts (again in both conditions, though correspondence between conditions did not need to happen necessarily). Due to the small number of concepts, we considered features named for a single concept as distinguishing features (as opposed to one or two concepts in McRae et al., 2005). We examined the probability that participants produced a distinguishing feature (distinguishing = 1, non-distinguishing = 0) as a function of condition, with a random intercept for concept. There was a significant effect of condition, , 95% CI , , ; participants were only 77.43% as likely to produce a distinguishing feature in the PS (M proportion of distinguishing features = 0.20; SE = 0.01) compared to the GS (M = 0.25; SE = 0.01) condition. 
Study 2. The model examined the probability that participants produced a distinguishing feature as a function of condition, with a random intercept for concept. There was a significant effect of condition, , 95% CI , , ; participants were only 90.82% as likely to produce a distinguishing feature in the PS (M proportion of distinguishing features = 0.24; SE = 0.01) compared to the GS (M = 0.26; SE = 0.01) condition. As in Study 1, concepts had greater overlap in their features in the PS than GS condition. 


Semantic Distance.
Study 1. In this analysis, we tested whether conditions differed on their semantic distance line-to-line, with random intercepts for participant and concept, and random slopes of condition by concept. Higher values indicate higher semantic distance. There was a significant effect of condition on semantic distance, , 95% CI , , . Compared to the GS (M semantic distance = 7.09, SE = 0.06) condition, features generated in the PS (M semantic distance = 7.74, SE = 0.05) condition had a line-to-line semantic distance that was greater by a magnitude of 0.63 on average (see Figure 5a).
Study 2. This model had random intercepts for participant and concept, and random slopes of condition by participant. There was a significant effect of condition on semantic distance, , 95% CI , , . Compared to the GS (M semantic distance = 7.72, SE = 0.07) condition, features generated in the PS (M semantic distance = 7.94, SE = 0.06) condition had a line-to-line semantic distance that was greater by a magnitude of 0.22 on average (see Figure 5b). 


Figure 5
Semantic Distance
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Note. The mean semantic distance grouped by condition (GS and PS) for a) Study 1 (GS: M = 7.09, SE = 0.06; PS: M = 7.74, SE = 0.05) and b) Study 2 (GS: M = 7.72, SE = 0.07; PS: M = 7.94, SE = 0.06). The rain represents individual data points (jittered), whereas the cloud displays the distribution and has the boxplot overlaid in orange. The plot was prepared using the raincloudplots package (Allen et al., 2021) with a theme from the cowplot (Wilke, 2020) 
Self-reported Recollection During Property Generation.
Study 1. The self-reported frequency of recollection of events was similar between conditions regardless of event type: unique events (GS: M = 2.37, SE = 0.08, PS: M = 2.23, SE = 0.07), , 95% CI , , ; repeated events (GS: M = 2.99, SE = 0.07, PS: M = 3.10, SE = 0.07), , 95% CI , , , and extended events (GS: M = 2.30, SE = 0.07, PS: M = 2.42, SE = 0.07), , 95% CI , ,  (see Table 4). The means ranged approximately from 2 to 3, signifying participants were aware of having recalled personal events “sometimes” to “half the time” in both conditions.
When participants thought of repeated events during the features task, these were less detailed in the GS (M = 3.25, SE = 0.08) than in the PS condition (M = 3.50, SE = 0.07), , 95% CI , , . The two conditions did not differ in the amount of details for unique events (GS: M = 3.16, SE = 0.08; PS: 3.32, SE = 0.07), , 95% CI , , , nor extended events (GS: M = 3.13, SE = 0.08; PS: 3.27, SE = 0.07), , 95% CI , , .
Study 2. Participants reported they thought more frequently about extended events in the PS (M = 2.52, SE = 0.10) than the GS (M = 2.27, SE = 0.09) condition, , 95% CI , , . Participants also thought more frequently about unique events in the PS (M = 2.70, SE = 0.09) than GS condition (M = 2.51, SE = 0.09), , 95% CI , , . The difference between PS and GS in the frequency of repeated events was in the same direction and approached statistical significance (PS: M = 3.30, SE = 0.09; GS: M = 3.11, SE = 0.09), , 95% CI , , . The means were approximately in the 2 to 3 range as in Study 1.
The next set of analyses only included participants who reported having thoughts about events of a particular category (i.e., unique, extended, repeated) in both conditions. One hundred eleven participants thought of unique events on at least one trial in both conditions. For those, we averaged across all trials within a condition that had a rating. The unique events had greater details in the PS (M = 3.74, SE = 0.08) than GS condition (M = 3.39, SE = 0.08), , 95% CI , , . Similarly, the 100 participants who reported thinking of extended events in both conditions indicated those events were more detailed in the PS (M = 3.50, SE = 0.09) than GS (M = 3.30, SE = 0.07) condition, , 95% CI , , . Lastly, the 120 participants who thought of repeated events in both conditions had events that were more detailed for the PS (M = 3.65, SE = 0.09) than GS condition (M = 3.48, SE = 0.08), , 95% CI , , . Together, the two studies suggest memory representations were more detailed for the PS than GS condition, but effects were not perfectly consistent per event category.
Table 4
Mean (SE) for Participants’ Self-report
	
	Study 1
	
	Study 2

	Variable
	GS
	PS
	
	GS
	PS

	Unique events frequency
	2.37 (0.08)
	2.23 (0.07)
	
	2.51 (0.09)
	2.70 (0.09)

	Repeated events frequency
	2.99 (0.07)
	3.10 (0.07)
	
	3.11 (0.09)
	3.30 (0.09)

	Extended events frequency
	2.30 (0.07)
	2.42 (0.07)
	
	2.27 (0.09)
	2.52 (0.10)

	Unique events details
	3.16 (0.08)
	3.32 (0.07)
	
	3.39 (0.08)
	3.74 (0.08)

	Repeated events details
	3.25 (0.08)
	3.50 (0.07)
	
	3.48 (0.08)
	3.65 (0.09)

	Extended events details
	3.13 (0.08)
	3.27 (0.07)
	
	3.30 (0.07)
	3.50 (0.09)

	Personal significance
	3.19 (0.07)
	3.35 (0.07)
	
	3.20 (0.08)
	3.40 (0.08)

	Emotion Intensity
	3.06 (0.06)
	3.22 (0.06)
	
	2.98 (0.07)
	3.31 (0.07)

	Task difficulty
	2.99 (0.09)
	3.02 (0.09)
	
	2.55 (0.10)
	2.45 (0.09)

	Effort
	4.47 (0.11)
	4.67 (0.09)
	
	4.62 (0.08)
	4.62 (0.08)


Note. M (SE). Significant tests at p < .05 in bold. 

Descriptive and Exploratory Analyses
Similarity of Features Between Conditions
Study 1. We calculated cosine similarity using the lsa package (Wild, 2022) to obtain an estimate of features’ similarity between GS and PS for each concept. Calculations were performed on vectors representing the frequency of each feature per condition across all participants. For example, the vectors included the number of times participants named “love” as a feature of “family” in GS and PS, and so on for each feature of either condition (see Table 5). We subsampled participants randomly to obtain an equal number of participants in each subgroup (condition/subset of concepts, 8 subgroups, n = 27), and lowered the n to 26 to obtain a number divisible by two. A random selection of half (n = 13) of each subgroup were then attributed to either a “Group 1” or “Group 2” for each condition. This approach ensured the comparison of each concept would be based on the same number of participants, and allowed within-group comparisons that offer a benchmark for the comparison of two groups (but in this case completing the same task). The same subgroups were also used in the between-group comparisons to offer better comparability (e.g., the same sample size).
[bookmark: tab:unnamed-chunk-21]Table 5
Lemma Frequency per Condition for the Concept ‘Family’
	lemma
	GS
	PS

	brother
	14
	4

	care
	8
	7

	child
	6
	0

	holiday
	2
	5

	home
	10
	4

	love
	10
	15

	parent
	15
	5

	sister
	12
	5

	small
	2
	6

	time
	2
	6

	together
	9
	5

	business
	0
	1


Note. This table includes 12 out of 453 lemmas generated in either condition for the concept ‘family’ in Study 1. The table illustrates the creation of vectors with the frequencies of lemmas, which is the basis for calculating cosine similarity.
 
The mean cosine similarity of all concepts was 0.47 (SD = 0.08; ranging from 0.25 for cleaning to 0.61 for birthday) for subgroup 1 (GS vs. PS) and 0.44 (SD = 0.09; ranging from 0.26 for partner to 0.61 for birthday) for subgroup 2 (GS. vs. PS), whereas it was 0.61 (SD = 0.11; ranging from 0.42 for cleaning to 0.85 for birthday) when comparing subgroups of GS, and 0.62 (SD = 0.09; ranging from 0.40 for boss to 0.75 for living room) for PS subgroups. Therefore, feature similarity was lower between conditions than within conditions (see Figure 6a for values per concept).
Study 2. The concept with the smaller number of participants for a given condition had 11 participants. Consequently, we subsampled participants randomly to obtain 11 participants per concept and per condition. The comparison between conditions necessarily included distinct participants due to the completion of a concept within a single condition, yielding an analogous comparison of conditions as Study 1. Study 2 produced similar indices of overlap in features across conditions as in Study 1. That is, the mean cosine similarity of all concepts was 0.48 (SD = 0.08; ranging from 0.27 for living room to 0.63 for birthday; see Figure 6b). We take findings of Study 1 as a benchmark for a comparison of concepts within a condition (~0.60) due to the low number of participants per concept within a condition.



Figure 6
Cosine Similarity Per Concept
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Note. Cosine similarity comparing the features of GS and PS in grey for a) Study 1 (subgroup 1 and subgroup 2 averaged), and b) Study 2, and for Study 1 on panel a within the GS group is shown in purple, and within the PS group is shown in blue. GS within and PS within overlap almost fully for “job” (in panel a). The higher cosine similarity score for the concept of birthday (0.61) vs. cleaning (0.29) in panel a indicates that the features participants generated in the GS and PS conditions were more similar to one another in their frequencies of occurrence for birthday than they were for cleaning. The figure was prepared using the ggplot2 (Wickham, 2016) package.
Parts-of-Speech.
Study 1. We examined the probability that participants produced features that were nouns, verbs, adjectives, prepositions, and infrequent parts of speech (i.e., mean frequency < 5%, which included interjections, foreign words, names, numbers, modals, pronouns, and adverbs) as a function of condition. Each of these dependent variables was converted to a binary format (e.g., noun = 1, all other parts of speech = 0). All models included a random intercept for participant. Additionally, the verb and preposition models had a random intercept for concept, and the verb model also had a random intercept for the subset of concepts. The noun, adjective, and infrequent parts-of-speech models added a random slope of condition by concept, with the infrequent parts-of-speech model further adding a random slope of condition by subset of concepts. There was a significant effect of condition on the probability of producing a feature that was a noun, , 95% CI , , ; participants were only 40.40% as likely to produce a noun in the PS (M percentage of features = 37.38%; SE = 1.21) compared to the GS (M = 58.88%; SE = 1.26) condition (see Figure 7a, see Table 6). There was a significant effect of condition on the probability of producing a feature that was a verb, , 95% CI , , ; participants were 1.40 times more likely to produce a verb in the PS (M percentage of features = 19.12%; SE = 0.68) compared to the GS (M = 14.45%; SE = 0.67) condition. There was also a significant effect of condition on the probability of producing a feature that was an adjective, , 95% CI , , ; participants were 1.36 times more likely to produce an adjective in the PS (M percentage of features = 23.56%; SE = 1.14) compared to the GS (M = 17.59%; SE = 0.81) condition. Further, there was a significant effect of condition on the probability of producing a feature that was a preposition, , 95% CI , , ; participants were 1.90 times more likely to produce a preposition in the PS (M percentage of features = 6.63%; SE = 0.38) compared to the GS (M = 3.94%; SE = 0.33) condition. Lastly, there was a significant effect of condition on the probability of producing a feature that was another infrequent part of speech, , 95% CI , , ; participants were 3.21 times more likely to produce an other infrequent part of speech in the PS (M percentage of features = 13.31%; SE = 0.76) compared to the GS (M = 5.15%; SE = 0.48) condition.
Study 2. We examined the probability that participants produced features that were nouns, verbs, adjectives, prepositions, and infrequent parts of speech as a function of condition. All models included a random intercept for participant. Additionally, the noun, adjective, verb, and infrequent parts-of-speech models included a random slope of condition by participant, and a random intercept for concepts. The infrequent parts-of-speech model further added a random slope of condition by concepts. As in Study 1, there was an effect of condition on the probability of producing a feature that was a noun, , 95% CI , , ; participants were only 63.68% as likely to produce a noun in the PS (M percentage of features = 36.38%; SE = 1.20) compared to the GS (M = 46.97%; SE = 1.61) condition. Condition also had an effect on the probability of producing a feature that was an adjective, , 95% CI , , ; participants were 1.20 times more likely to produce an adjective in the PS (M percentage of features = 17.48%; SE = 0.85) compared to the GS (M = 14.65%; SE = 0.76) condition. Moreover, there was a significant effect of condition on the probability of producing a feature that was an infrequent part of speech, , 95% CI , , ; participants were 1.94 times more likely to produce an infrequent part of speech in the PS (M percentage of features = 17.65%; SE = 0.91) compared to the GS (M = 10.58%; SE = 0.76) condition. Unlike in Study 1, there was no significant effect of condition on the probability of producing a feature that was a verb, , 95% CI , , , or a preposition, , 95% CI , ,  (see Figure 7b, see Table 6).

Figure 7
Proportion of Parts-of-speech
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Note. Raincloud plot showing the percentage of parts-of-speech (number of features classified as a parts-of-speech relative to the total number of features for that concept) averaged across all concepts (y axis), per condition (x axis, GS in blue, PS in pink), and broken into the parts-of-speech categories (panels), for a) Study 1 and b) Study 2. Infrequent parts of speech included: interjection, foreign, name, number, modal, pronoun, and adverb. The rain represents individual data points (jittered), whereas the clouds display the distribution of data, and have boxplots and a dot representing the mean overlaid in orange. The plot was prepared using the raincloudplots package (Allen et al., 2021) with a theme from the cowplot (Wilke, 2020) package. * p < .01.
Table 6
Mean (SE) for the Percentage of Parts-of-speech
	
	Study 1
	
	Study 2

	Variable
	GS
	PS
	
	GS
	PS

	Nouns
	58.88 (1.26)
	37.38 (1.21)
	
	46.97 (1.61)
	36.38 (1.20)

	Verbs
	14.45 (0.67)
	19.12 (0.68)
	
	19.98 (0.80)
	19.65 (0.74)

	Adjectives
	17.59 (0.81)
	23.56 (1.14)
	
	14.65 (0.76)
	17.48 (0.85)

	Prepositions
	3.94 (0.33)
	6.63 (0.38)
	
	7.82 (0.44)
	8.84 (0.37)

	Infrequent 
	5.15 (0.48)
	13.31 (0.76)
	
	10.58 (0.76)
	17.65 (0.91)


Note. M (SE). Significant tests at p < .05 in bold.

[bookmark: X9d19c42d5117a476f7777bd2ab6d2839f325d48]Personal Significance.
Study 1. The concepts did not differ in perceived personal significance between conditions (GS: M = 3.19, SE = 0.07, PS: M = 3.35, SE = 0.07), , 95% CI , , , Hedges’ g = -0.21, 95% [-0.46, 0.04] (see Table 4).
Study 2. Participants perceived the concepts had higher personal significance in the PS (M = 3.40, SE = 0.08) than GS condition (M = 3.20, SE = 0.08), , 95% CI , , , in the expected direction.
Emotion Intensity
Study 1. Participants experienced a moderate intensity of emotion during the task in a comparable manner between conditions (GS: M = 3.06, SE = 0.06; PS: M = 3.22, SE = 0.06), , 95% CI , , , Hedges’ g = -0.23 95% [-0.48, 0.03] (see Table 4).
Study 2. Participants experienced emotions with a higher intensity in the PS (M = 3.31, SE = 0.07) than GS condition (M = 2.98, SE = 0.07), , 95% CI , , .
Intrusions
Study 1. This analysis considered the presence of intrusions on a feature line rather than per feature for simplicity. For example, “parks in front of my house” counted as one intrusion for the concept “neighbour” (ID = 16) in the GS condition. The mean number of total intrusions per participant was low in the GS condition (M = 0.62, SE = 0.13) and there were none in the PS condition.
Study 2. The mean number of intrusions per participant did not differ between Study 1 and Study 2 (M = 0.71, SE = 0.17) for the GS condition as tested using a Wilcoxon text, , 95% CI , , , and there were also no intrusions for the PS condition.
Trial Duration
Study 1. Participants spent a longer time on trials in the PS (M = 98.26 sec, SE = 1.96) than GS condition (M = 90.87 sec, SE = 2.34), , 95% CI , , .
Study 2. Participants spent a similar time on trials when comparing conditions (GS: M = 98.98 sec, SE = 2.38; PS: M = 102.65 sec, SE = 2.04), , 95% CI , , .
Task Difficulty
Study 1. Participants could choose from 5 options to report how difficult they found the task (1 = extremely easy, 2 = somewhat easy, 3 = neither easy nor difficult, 4 = somewhat difficult, 5 = extremely difficult). Task difficulty was “neither easy nor difficult” on average and did not differ between GS (M = 2.99, SE = 0.09) and PS (M = 3.02, SE = 0.09), , 95% CI , , (see Table 4).
Study 2. Participants did not experience a different level of difficulty between conditions (GS: M = 2.55, SE = 0.10; PS: M = 2.45, SE = 0.09), , 95% CI , , , with means in the “somewhat easy” to “neither easy nor difficult” range.
Effort
Study 1. Participants rated their agreement with the statement “I completed the tasks to the best of my ability” from 1 (strongly disagree) to 5 (strongly agree). Participants in the GS (M = 4.47, SE = 0.11) and PS (M = 4.67, SE = 0.09) exerted a similar level of effort, with numbers suggesting they had done their best overall, , 95% CI , ,  (see Table 4).
Study 2.  Participants reported a similar level of effort between conditions (GS: M = 4.62, SE = 0.08; PS: M = 4.62, SE = 0.08, , 95% CI , , .
[bookmark: discussion]Discussion
[bookmark: conclusion]We adapted a tool that has been instrumental in advancing GS research, the Property Generation task, to explore the composition of concepts within GS and PS memory. The instructions, task format, and subjective experience of participants (i.e., level of effort, difficulty) were closely aligned between GS and PS. We ran two studies that included a total of 364 participants, one with a between-subject design where participants did either the GS or PS version, and one with a within-subject design where all participants did both versions. Study 2 also matched the GS and PS examples in the number of words, features and parts-of-speech. Across both studies, concepts in the PS condition were associated with more features and greater semantic distance feature-to-feature than GS, in accordance with our prediction that PS would recruit a larger and more diverse semantic network than GS at the concept level. Moreover, the features of GS had a higher proportion of nouns than PS, whereas PS had more adjectives and other parts-of-speech (i.e., pronouns, names, and numbers) than GS. Our data suggest that PS features are more descriptive, sensory, and attributed to people and objects, whereas GS features are more focused on entities (cf. De Deyne et al., 2015). PS appear more specific than their GS counterparts due to their greater number of details (for example “They never message me, but I never message them” in PS [ID 41]) vs. “Talk” in GS [ID 269] for the concept “friend”). Thus, some of the previously documented differences between GS and PS (e.g., Tanguay et al., 2023) may stem from enhanced relational processing for PS compared to GS, as much in terms of forming a quantitatively richer semantic representation as in terms of drawing from a diverse set of information (e.g., action-based, perceptual, social, event-related).
Despite the significant differences between GS and PS in both studies, GS and PS shared remarkable similarities overall. First, the comparison of features between conditions yielded a mean cosine similarity of approximately 0.46, a midway between total divergence (i.e., 0) and perfect overlap (i.e., 1) in the frequency of features. This could be interpreted as the dissimilarity between conditions being 0.54; however, even a comparison of features within two subsets of the same group did not produce perfect overlap. In fact, the between-groups cosine similarity was only lower than within-group comparisons by 0.15 on average. Hence, 0.46 likely reflects some of the intra- and inter-subject variability in feature generation (as discussed in Barsalou, 1993), as well as differences in the frequency of features between GS and PS that appear altogether smaller than expected.
The top features of PS shown in Figure 4 further illustrate some of the resemblance captured by the cosine similarity value. For example, the two conditions frequently had the following features for the concept “friend” for Study 1: fun, be, time, close, talk, share, of, love, and family; and for Study 2: with, have, be, time, together, play, of, laugh, good, for, group, game, fun, and do. A possible explanation for the overlap may be PS’s reliance on GS’s semantic features. For instance, “my dog” has four paws, sharp teeth, and hair like almost any other dog. PS features could build on these GS features to state “my dog has four big paws, he likes to bite my hands with his sharp teeth, he has soft and curly hair because he is a poodle, and so on.” Of course, PS may also inform GS feature generation, a position predicated on a grounded cognition view of semantic memory (Barsalou, 2020). This perspective highlights the role of personal experiences in shaping concepts, including experiences originating from perception, and the physical and social environment (Barsalou, 2020). Although GS could be perceived as more basic and generalized (and thus a prerequisite for PS), a mutual exchange is possible (and even likely). Nevertheless, flagrant intrusions of PS-type answers into the GS task, and vice versa, were quite rare in the present study. Informal enquiries to Dr Ken McRae and Dr. Melissa C. Duff about the responses obtained in their Property Generation tasks and inspection of raw responses online (https://osf.io/cjyzw/ from Buchanan et al., 2019) point to their participants’ usually good compliance with instructions and little-to-no PS contamination of GS responses (see also Klooster & Duff, 2015 about specific events). A within-subject design comparison of the same concepts and a think aloud procedure may be helpful to further delineate how GS and PS are related to, and potentially influence, one another, because an absence of clear intrusions does not rule out a mutual influence.
Unexpectedly, the two conditions were also similar in their frequency of idiosyncratic features (when accounting for their overall difference in number of features), though it approached significance in Study 2. PS, by definition, should be idiosyncratic, or unique to each person. However, idiosyncrasy may arise from the combination or conjunction of features rather than from the occurrence of individual features. In other words, when thinking about “my bedroom”, what is idiosyncratic (and personal) is not that it contains something “large”, something “blue”, and a “bed”, but that it contains a “large blue bed”. The importance of the combination or conjunction of features could help to explain the increased reliance on relational processing for PS versus GS. Indeed, the conjunction of features engages structures of the medial temporal lobes (Martin et al., 2018; Martin et al., 2023). In the future, a personalized selection of concepts would make for a solid test of the idiosyncrasy of PS features because in the present study we purposefully selected concepts that would be familiar and self-relevant to the population broadly (e.g., family, friends, bedroom), omitting concepts like cars, computers, and books. Nonetheless, there remains the possibility that the PS network may not be quite as idiosyncratic as would be initially expected, at least at the level of individual features. The role of personal experiences, as outlined in the grounded cognition perspective (Barsalou, 2020), may underlie some of the variability in feature generation, making both GS and PS fairly idiosyncratic. As another possibility, if shared features (e.g., the four paws, sharp teeth, and hair, in the example above) must be generated as groundwork before describing a concept in a personal way, the overall idiosyncrasy of PS features may be reduced. Altogether, these results are equally compatible with a role of the conjunction of features, a grounded cognitive perspective of semantics, and the dependence of PS on GS.
In this study, we considered an alternative explanation for an increase in features for PS and GS. Semantic richness could be inspired from the recollection of personal past events (e.g., “I went to a show last weekend” sparked the thought of “going to shows” as a feature for the concept of “hobby”) rather than depend on a component process like a domain-general relational binding. For example, Sheldon and Moscovitch (2012) found increased hippocampal activity for autobiographical categories and at later stages of a verbal fluency trial, when the responses became more open-ended and could benefit from episodic memory (see also Ryan et al., 2008; Hoscheidt et al., 2010; Viskontas et al., 2009). Further, some behavioral and neural findings on PS can be interpreted as reflecting a privileged interaction with episodic memory (Coronel & Federmeier, 2016; Renoult et al., 2016; Sheldon et al., 2020; Tanguay et al., 2022, 2023). Accordingly, PS could have increased the likelihood of evoking personal events in our participants, which would in turn have facilitated the generation of features. This proximity of PS to episodic memory was equivocal in Study 1, but emerged in Study 2, possibly due to the higher statistical power of within-subject designs. In Study 2, participants reported a higher frequency of extended events and unique events for PS than for GS, and effects were marginally significant in the expected direction for repeated events. Further, participants reported that their event representations were more detailed in the PS than GS condition when thinking of repeated events (Study 1 and Study 2), unique events (Study 2), and extended events (Study 2). Consequently, the activation of related events and their greater level of detail in the PS as compared to the GS condition may have enhanced feature generation, at least partly, in addition to the common reliance on relational processing. However, both PS and GS conditions did provoke thoughts about events in the “sometimes” to “half the time” range, suggesting that a role for recall of events may not be specific to PS. PS and GS appear to draw from the same pool of autobiographical knowledge and experiences, perhaps because autobiographical memory is integral to comprehension (Mace, 2023; Sui & Humpreys, 2015). 
The GS condition was associated with more distinguishing features than the PS condition, which indicates that concepts shared more features in the PS than GS condition. In other words, we observed greater semantic richness for PS than GS at the concept level (i.e., number of overall features, semantic distance), but not across concepts (i.e., number of distinguishing features). On the one hand, the redundancy across concepts follows reason if the self (including one’s life) permeates all PS knowledge. Concretely, this would mean that a person could say: I have a family with my partner; one of my hobbies is to watch movies with my partner; my partner often leaves their socks on the floor in our bedroom, etc. We bolded the concept and italicized the common feature, but note also the commonality in pronouns. Because partner was named in each of the concepts in this example, it would be a distinguishing feature of none. On the other hand, the result regarding distinguishing features challenges the notion that PS could be a more comprehensive version of the traditional semantic memory network (inspired by the importance of the self as argued in Conway et al., 2019; Sui & Humphreys, 2015), and thus richer. Nevertheless, all concepts tested in the present studies were concrete (e.g., breakfast, living, family; see Supplementary Material), and the extent of the network could plausibly vary with a greater range of concepts, including some that are more abstract such as “love” or “self”. Thus, a next step may be to vary the level of abstraction of concepts to establish the depth and breadth of the GS and PS network(s). 
Notably, the taxonomy of PS distinguishes abstract forms of knowledge like personality traits from autobiographical facts (Renoult et al., 2012). For example, self-knowledge of traits can be impaired when other types of personal knowledge appear preserved (Grilli et al., 2018; Grilli & Verfaellie, 2014, 2016; Marquine et al., 2016; Stendardi et al., 2023; Wank et al., 2021). However, greater abstraction would imply a greater departure from the traditional Property Generation task. For example, how would one list features for being kind or respond to an “I am” prompt in a way that would truly capture all possible features? What would be acceptable features in that context? In the end, language abilities may impose the upper limit on determining the full breadth of the PS and GS network(s; Reilly et al., 2023).
[bookmark: limitations-and-future-directions]Limitations and Future Directions
The present findings suggest several future directions for research. A future version of the instructions could add that features can include thoughts and feelings about a concept, due to their importance in grounding conceptual representations (Barsalou, 2020; Connell et al., 2018; Dove, 2009; Mazzuca et al., 2021)[footnoteRef:2]. Another critical next step will be to compare the same concepts in a within-subject design rather than using distinct concepts across both conditions. It is possible that the cosine similarity would be even higher in such a context, although study design would deserve special considerations to avoid an artificial inflation of similarity due to cross-tasks contamination (e.g., priming). This could perhaps be overcome by including a long delay (e.g., weeks, or months) between GS and PS conditions. Future research should also examine the robustness of the GS vs. PS differences across a larger set of concepts, perhaps individually selected for each participant based on self-relevance. Indeed, Figure 3 indicates that some concepts may be less susceptible to a benefit of thinking of them from the PS compared to the GS perspective in terms of the number of features. The pre-registration of this study predicted that the effects would be contingent on characteristics of the concepts, particularly their self-relevance: “For instance, basic concepts like ‘key’ may have more features in the general than personal sense (‘my key’), unlike concepts like ‘family’ and ‘job’” (see the Deviation table on https://osf.io/ypdt8 for more details). However, we omitted concepts with low self-relevance like “key” or “black hole” because their association with PS would be debatable. What does a “key” mean for a person’s identity or their life? Examining the similarities and differences between GS and PS across a larger set of concepts is an important next step to clarify the overall structure of the semantic network. [2:  We thank an anonymous reviewer for this suggestion.] 

Our main instructions, concepts, and task format were carefully matched between GS and PS. However, the online format of our study limits comprehension of control processes (how participants selected general or personal features based on current task demands) and of a possible influence of context.  Future studies could examine whether differences between conditions are modulated across specific contexts (e.g., home versus laboratory) and when increasing demands on control processes (e.g., varying the specificity of the cue words used). Further, we imposed a trial duration of 30 to 120 seconds to minimize discrepancies between conditions that could have accrued throughout the session. Nevertheless, these time limits may have led to an underestimation of the differences between conditions, and the time limit could be removed.
Due to the novelty of the task, many more analyses would be possible, some described in the preregistration of this study (https://osf.io/ypdt8), and we hope that such approaches will be facilitated through the availability of this dataset in a repository. Valuable approaches to feature analyses abound in the semantic memory literature (e.g., Baroni et al., 2010; Borovsky et al., 2023; Montefinese et al., 2014). In particular, some computational approaches explicitly bridge the gap between semantic and episodic memory (Jamieson et al., 2022; Johns et al., 2020), and could provide inspiration for next steps.
	Another important direction will be to investigate the type and number of features generated by cognitively healthy older adults. On the one hand, when compared to young adults, several studies show that older adults are biased to retrieve PS regardless of the solicited information (Melega et al., 2024; Renoult et al., 2020; Strikwerda-Brown, Williams, et al., 2021), and demonstrate a preservation of PS or smaller age differences for PS compared to episodic memory (Abram et al., .2014; Martinelli et al., 2013; Piolino et al., 2002). Similarly, GS is generally thought to be well-preserved in aging with some aspects of GS showing exceptions (e.g., names; Drag & Bieliauskas, 2010). Relative to properties of concepts, older adults generated a higher number of unique features and a higher number of idiosynscratic features than young adults (Vivas et al., 2021). On the other hand, the relational processing hypothesis along with hippocampal atrophy in aging (Raz et al., 2005) would predict some alterations. Some age differences in the GS network have been documented. For example, older adults had a higher vocabulary than young adults, an indicator of accumulated knowledge, but their GS network had a lower efficiency and higher modularity (e.g., a higher number of groupings; Cosgrove et al., 2023); and these age-differences may be specific to concrete concepts (Cosgrove et al., 2026). It is unclear how these observations from previous studies would translate to a Property generation task that considers personal and general knowledge. It would be important to consider the overlap in features across participants, across concepts and between memory perspectives, and whether the features contribute to the resilience or to impoverishment of episodic representations in aging. 
We note that the present study was conducted in English, and specific language characteristics may drive differences in the results. For example, responses in agglutinative languages such as Turkish may differ from those in English due to cueing across the personal and general domains. However, we postulate that the distinction between PS and GS should be universal across languages. Future cross-linguistic studies should test this hypothesis.
Conclusion
In two studies, we found that PS was associated with a greater number of features and that these features were more diverse than those associated with GS. Interestingly, we observed greater richness for PS than GS at the level of concepts, but not when considering features across all the concepts of a memory condition. Specifically, the analyses of distinguishing features showed that there was greater overlap in features for the PS compared to the GS condition. However, overall, there were many similarities between GS and PS.  The similarities include the frequency of features (per cosine similarity value) and the number of idiosyncratic features. The similarities suggests that there is a common set of component processes subserving both GS and PS. 
The Property Generation task likely recruits control processes to produce a flexible composition of a concept’s features in accordance with the goal of the task (Badre & Wagner, 2007; Novick et al., 2009; Vatansever et al., 2021). Our adaptation of the Property generation task demonstrates the possibility of flexibly switching between more personally relevant features and generalizable features. PS could involve a conjunction of diverse features (e.g., episodic, social, emotional) because these are the features that make it personal. Subsequent research will be necessary to establish how these characteristics influence the resilience of the semantic network (e.g., better preserved PS than GS in aging and major neurocognitive disorders; Renoult et al., 2020; Strikwerda-Brown et al., 2019; Strikwerda-Brown, Shaw, et al., 2021; Westmacott et al., 2004) and its interaction with episodic memory.
The differences between PS and GS coexist with the similarities, possibly explaining why the pendulum appears to swing from perfect amalgamation to marked division in different studies in the literature. Historically, the contribution of personal knowledge to general knowledge (and vice-versa) has been often treated tangentially, if at all, with the closest scrutiny up to now speaking to embodied cognition (e.g., Barsalou, 2020). The PS framework (Renoult et al., 2012) offers a fresh perspective on these issues, which may help us understand what bridges GS and episodic memory as it is one aspect where PS shines: as an intermediate memory type that brings together elements of both. Moreover, PS is one of the most frequently generated types of knowledge (e.g., Barsalou, 1988; Curot et al., 2017). Because PS is clearly interwoven with GS, a full understanding of one may not be possible without the other. 
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Reminder: Please write as many properties of the concept to which the word refers in
terms of its meaning for people in general.

Examples of different types of properties would be:

« physical properties, such as internal and external parts, and how it looks, sounds,
smells, feels, or tastes;

« functional properties, such as what it is used for; where, when and by whom it is
used;

« things that the concept is related to, such as the category that it belongs in;

« and any other facts, such as how it behaves and traits, any preferences or where it
comes from or is located.
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