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Abstract37

Objects are typically remembered with their accompanying features, suggesting that38

objects and features are bound together in memory. Yet, there is an ongoing debate about39

the configuration of such bindings, particularly whether multiple features of an object are40

directly linked or are only indirectly linked via the object. Here we tested the binding41

configuration of object-feature representations in long-term memory in three experiments,42

bridging research from the domains of object and source memory. In two experiments,43

participants were presented with object icons with a specific color and orientation and later44

performed a recognition test in which feature combinations were presented with old or new45

objects. Participants had to indicate both whether the object shown was old or new and46

which out of four feature combinations they had previously seen. In a third experiment,47

participants were presented with only single new objects at test and had to indicate48

whether the feature combination shown was old or new. This procedure allowed us to49

control for the presence of object information at test, which constituted a major confound50

in previous research. Using multinomial processing tree modeling to disentangle cognitive51

processes, we found evidence for a stochastic dependence of the retrieval of object features52

in the absence of object information. This suggests that different features of an object can53

be directly linked in long-term memory, challenging theoretical accounts positing that54

features are only indirectly linked via common links to the object and instead providing55

proof of concept for (weak) direct feature-feature binding.56

Keywords: object memory, source memory, visual long-term memory, feature57

binding, cognitive modeling58

Word count: 9,77059
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Representing Objects and Features in Long-Term Memory: A Case for Direct60

Feature-Feature Binding61

Objects always come with certain features, such as shape, color, orientation, or62

location. If one sees, for example, an apple, this apple may be round, red, and, depending63

on the viewpoint, be oriented upwards (hanging on a tree) or be tilted sideways (lying on64

the ground). Typically, when we remember an object, we also remember its accompanying65

features. This requires that object and feature representations are bound together in66

memory. The configuration of these bindings is subject to an ongoing debate in two67

separate research domains: one focusing on object features like shape and color (object68

memory domain), and one focusing on context features like location (source memory69

domain). The problem of binding configurations among objects and their features in70

long-term memory is conceptually very similar in both domains. In addition, feature71

dimensions of object and context features often seem to overlap, and many experiments72

from both domains use the same feature dimensions (e.g., color) to test binding73

configurations. Both domains may therefore tap into the same or higly similar processes.74

Yet, different (albeit in part overlapping) accounts of such binding configurations have75

been proposed in the different research domains (see Figure 1 for an overview). A key76

assumption that differs between these accounts is the postulated degree of dependence77

between features. In the following, we first review different accounts that have been78

proposed in the respective domains before describing the focus of the present research.79

Feature Binding Accounts from the Object Memory Domain80

Accounts in the domain of object memory focus on bindings among features that81

are innate to the object. For example, you may remember having seen an apple that was82

red (color) and conical (shape). The object-based account suggests that objects and their83

features are fully integrated into a unitized object representation that can be accessed in an84

all-or-none manner (Balaban et al., 2020; see also Ceraso et al., 1998; Walker & Cuthbert,85

1998). For the previous example, this implies that you can only retrieve a representation of86
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Figure 1
Overview of Theoretical Positions on Feature Binding Configurations in Long-Term Memory
from the Object and Source Memory Domains

object memory

O = F1 + F2

object-based account

O F1 F2= +

feature-based account hierarchical feature bundle hypothesis
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F1 F2?

(complete independence) (complete dependence)

binding variability hypothesis

O

F1 F2//

source memory

mutual cuing hypothesis

O

F1 F2

Notes. O = Object, F1 = Feature 1, F2 = Feature 2. Arrows depict proclaimed direct
links between objects and features or between features. The // symbol depicts a proclaimed
absence of direct links between features.

a red conical apple but not of a red apple without shape information or a conical apple87

without color information. This implies complete dependence between object features.88

Balaban et al. (2020) presented participants with objects that were manipulated on two89

feature dimensions (namely, exemplar and state, e.g., an umbrella or a parasol as exemplars90

in an open or closed state) and tested participants’ memory for these configurations in a91

later recognition test after either a short or long retention interval. Participants had to92

identify the exemplar and state with which each object was presented before out of four93

configurations. They found that forgetting occurred in a holistic (i.e., all feature94

information forgotten) rather than in a feature-based (i.e., only some feature information95

forgotten) manner, supporting the object-based account.96

In contrast, the feature-based account suggests that objects are stored with sets of97

separable and independent features (Utochkin & Brady, 2020). For the previous example,98

this implies that you can independently represent and retrieve the color and shape features,99
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allowing you to retrieve a representation of a red apple without shape information or of a100

conical apple without color information. This implies complete independence between101

features. With an experimental design similar to the one of Balaban et al. (2020), Brady et102

al. (2013) found that participants tended to forget one feature dimension (color) more103

rapidly than another (state). They further found the stochastic dependence of the features’104

retrieval (i.e., a higher probability to retrieve a feature if the other feature was successfully105

retrieved than when it was not) to decrease over time, suggesting that features are106

forgotten separately. This suggests that features are independently bound to the object107

and retrieval dependencies are object-mediated. Furthermore, Utochkin and Brady (2020)108

presented participants with multiple exemplars of the same object that could be in the109

same or different states. While participants could remember the individual exemplars and110

states quite well, their memory for feature combinations (i.e., which exemplar they saw in111

which state) was significantly worse. In addition, participants could remember the112

exemplar information even if the state information at test was varied. These findings (see113

also Tikhonenko et al., 2021) suggest an independent storage of features and thus provide114

evidence for the feature-based account.115

Taken together, these findings show that there is mixed evidence regarding binding116

configurations in long-term memory (see also Schneegans & Bays, 2019; Scholl, 2001).117

They can be reconciled by an intermediate theoretical position, namely, the hierarchical118

feature bundle hypothesis (Brady et al., 2011; see also Kuhbandner, 2020). This account119

suggests that there is a top-level integrated object representation and a lower level with120

individual feature representations. Such a hierarchical perspective is also discussed in121

Balaban et al. (2020) and Utochkin and Brady (2020). However, the hierarchical122

perspective does not clearly address the question whether the individual features are123

directly bound to each other, or whether they are only indirectly linked via the object (but124

see Balaban et al., 2020; Li et al., 2022). This question directly maps to a debate in the125

source memory domain.126
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Feature Binding Accounts from the Source Memory Domain127

Source memory refers to the origin or context under which information was acquired128

(Johnson et al., 1993). For example, you may remember having seen an apple in the129

kitchen (location) standing upright (orientation). Here too, different accounts of feature130

binding have been proposed. The mutual cuing hypothesis suggests that, if multiple context131

features have been encoded into the same memory trace, the retrieval of one context132

feature serves as a cue for other context features (Meiser & Bröder, 2002). For the previous133

example, this implies that retrieval of the kitchen directly activates the upright134

representation, making its retrieval more likely. Thus, dependence of feature retrieval is135

explained by a direct link between features (i.e., feature-feature binding). In Meiser and136

Bröder (2002), participants were presented with words manipulated in their location on the137

screen (upper or lower part) and their font size (small or large). In a later test phase,138

participants were presented with old or new words in neutral locations and medium font139

size, and had to conduct an old/new recognition test. If they identified a word as old, they140

had to further indicate in which location and font size the word was presented previously.141

The study yielded evidence for a dependence of feature retrieval if participants could142

recollect the word (see Yonelinas, 2002), which was taken as evidence for a direct link143

between features. Meiser et al. (2008) could confirm this finding while controlling for144

differences in source memory performance between recollected and merely familiar words.145

However, other research identified some limiting conditions for the effect of a146

stochastic dependence of the retrieval of context features to emerge. These are (older) age147

(Boywitt et al., 2012), focusing encoding on the semantics of stimuli (Meiser & Sattler,148

2007), the focus of attention during encoding (Boywitt & Meiser, 2012b), and whether149

features are presented jointly or separately during encoding (Boywitt & Meiser, 2012a).150

Consequently, as an alternative conceptualization of feature binding in source memory, the151

binding variability hypothesis has been put forward.152

The binding variability hypothesis suggests that dependence of context feature153
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retrieval arises from participant-related (e.g., attention) or item-related (e.g., encoding154

difficulty) sources of variation that produce covariation on factors influencing the binding155

of each context feature to the item (Starns & Hicks, 2005, 2008). Thus, the binding156

variability hypothesis suggests no direct feature-feature binding like the mutual cuing157

hypothesis. Instead, it proposes that features are only indirectly linked via the object and158

any dependence of feature retrieval is the result of covariation in the strength of these159

object-feature bindings. For the previous example, this implies that retrieving the kitchen160

activates the apple representation, which in turn activates the upright representation. If161

you payed a lot of attention during this event, for example, both the kitchen and the162

upright orientation may be more strongly bound to the apple, making retrieval of the163

upright representation given retrieval of the kitchen more likely. Starns and Hicks (2005)164

found that participants’ ability to remember one feature dimension was the same regardless165

of whether memory for both features was tested jointly (allowing for mutual cuing) or166

separately (not allowing for mutual cuing, see also Vogt & Bröder, 2007). This was taken167

as evidence for the binding variability hypothesis (but see Meiser et al., 2008).168

Furthermore, Starns and Hicks (2008) found that participants’ ability to remember feature169

combinations depended on them being able to recall the associated object. Finally, Arnold170

et al. (2019) attempted to directly distinguish between the mutual cuing and the binding171

variability hypothesis. While being able to replicate the finding of a dependence of feature172

retrieval, they did not find decisive evidence to separate the two accounts.173

In summary, in both the domains of object memory and source memory, different174

theoretical accounts on the configuration of bindings among objects and their features in175

long-term memory have been proposed. The main question that yet remains unanswered is176

whether different features can be directly linked to each other (feature-feature binding) or177

whether they are only indirectly linked via the object to which they are bound178

(object-feature binding). As shown above, prior research in both domains has yielded179

mixed evidence in this regard.180
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The Present Research181

In the present research, bridging research on object and source memory, we aimed182

to distinguish between accounts proposing direct feature-feature binding (the mutual cuing183

hypothesis, the object-based account, and possibly the hierarchical feature bundle184

hypothesis) and accounts that solely propose object-feature binding (the binding variability185

hypothesis, the ofeature-based account, and possibly the hierarchical feature bundle186

hypothesis). In three experiments, we directly probed the existence of feature-feature187

bindings while accounting for a major confound that has been prevalent in prior research:188

the presence of object information at test. In most prior research, object information was189

available to the participants at test. Even if a dependence of feature retrieval is found in190

this case, it is not clear whether this dependence emerges as the result of a direct link191

between features (as suggested by the mutual cuing hypothesis) or via the indirect link via192

the object (as suggested by the binding variability hypothesis), for example, by the193

activation of one feature spreading to another feature via the links with the object to which194

both features are bound. To properly distinguish between feature-feature-binding and195

object-feature-binding-only accounts, it is necessary to control for the availability of object196

information (see also Starns & Hicks, 2008). Demonstrating a stochastic dependence of197

feature retrieval without the availability of object information would provide strong198

support for feature-feature binding. To anticipate the results, in two out of three199

experiments we found such a stochastic dependence of feature retrieval in the absence of200

object information, although quite small in magnitude, with another experiment providing201

inconclusive evidence, thus overall providing evidence for weak direct feature-feature202

binding in long-term memory.203

Transparency and Openness204

We follow JARS (Appelbaum et al., 2018) and, in the following, provide a205

justification for the sample size, data exclusion criteria, manipulations, measures, and206

analyses for all three experiment reported in this paper. All collected raw data, analysis207
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scripts, and experimental material are openly available at the Open Science Framework208

(OSF, https://doi.org/10.17605/OSF.IO/UYXEQ, Schreiner et al., 2026). According to the209

ethical guidelines of the German Society for Psychology (DGPs) and regulations of the local210

ethics committee at the University of Mannheim, explicit ethics approval is not required for211

research that provides signed informed consent from study participants, collects data212

anonymously, uses no deception, and has no foreseeable negative impact on participants.213

All these criteria were met in the conduct of our research. The data were collected online214

via Prolific between 2022 and 2023. The hypotheses, designs, and analysis plans for all215

experiments were preregistered (Experiment 1: https://doi.org/10.17605/OSF.IO/ZVQSM,216

Experiment 2: https://doi.org/10.17605/OSF.IO/Y7HJ9, Experiment 3:217

https://doi.org/10.17605/OSF.IO/JXCYQ). We used the following software in the conduct218

of this project: multitree v0.47 (Moshagen, 2010), Inkscape v1.1.1 (Inkscape Developers,219

2021), R 4.4.2 (R Core Team, 2024), the tidyverse R package collection (Wickham et al.,220

2019), and the R packages MPTinR 1.14.1 (Singmann & Kellen, 2013), here 1.0.1 (Müller,221

2020), jsonlite 1.8.9 (Ooms, 2014), pacman 0.5.0 (Rinker & Kurkiewicz, 2018), papaja 0.1.2222

(Aust & Barth, 2024), tinylabels 0.2.4 (Barth, 2023), TreeBUGS 1.5.0 (Heck et al., 2018),223

and SimDesign 2.20.0 (Chalmers & Adkins, 2020).224

Experiment 1225

Experiment 1 encompassed a learning and a test phase. In the learning phase,226

participants were presented pictures of everyday objects with specific combinations of two227

features, namely, color and orientation. In the subsequent test phase, they conducted a228

four-alternative forced-choice (4AFC) recognition test (similar to the test phase of Balaban229

et al., 2020; Brady et al., 2013). One response alternative contained an object with an old230

feature combination as seen in the learning phase (target). The other response alternatives231

contained an object with new feature combinations not previously encountered232

(distractors). Importantly, the objects in the test phase could themselves be old or new.233

Thus, in only half of the trials the feature combinations were shown with the same object234

https://doi.org/10.17605/OSF.IO/UYXEQ
https://doi.org/10.17605/OSF.IO/ZVQSM
https://doi.org/10.17605/OSF.IO/Y7HJ9
https://doi.org/10.17605/OSF.IO/JXCYQ
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as in the learning phase (i.e., in the presence of object information), whereas they were235

presented with new objects in the other half of trials (i.e., in the absence of object236

information). Participants had to indicate both, whether the presented object was old or237

new and which of the four presented feature combinations was the target feature238

combination. Feature-feature binding was tested through cognitive modeling, using a239

multinomial processing tree (MPT) model (see Erdfelder et al., 2009; Schmidt et al., 2023240

for a review and a tutorial on MPT modeling).241

Methods242

Participants. Participants were recruited via Prolific (https://www.prolific.com)243

and received a compensation of £1.25. They were prescreened for English language244

proficiency at a native level, being older than 18 years, and functioning color vision. We245

conducted an a priori power analysis in multiTree (Moshagen, 2010) for the planned246

parameter tests (dj,n and dj,u, see “Data analysis” section). To detect parameter values of247

at least .10 in an aggregated analysis (aggregated across participants and items with 16248

observations per participant) with a power of .95 and a significance level of .05, the analysis249

yielded a sample size of 217 participants for testing dj,n and 117 participants for testing dj,u.250

To account for possible data exclusions, we collected data from a total of 250 participants.251

All participants provided informed consent for their participation and publication of their252

data. A total of 20 participants were excluded due to reporting technical problems (14) or253

reporting other difficulties (6, e.g., not understanding instructions). We also checked for254

conspicuous response patterns (e.g., participants giving the same response in all test trials)255

but no exclusions were necessary on this basis. The final sample therefore consisted of 230256

participants (Mage = 36.01, SDage = 13.65, gender: 168 female, 59 male, 3 non-binary,257

https://www.prolific.com
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education: 80 grad school, 83 college, 64 high school, 3 no schooling completed).1258

Materials and Apparatus. The stimulus set consisted of 24 pictures of259

everyday objects. All pictures were two-dimensional icons in the format of scalable vector260

graphics (SVGs) taken from SVG Repo (https://www.svgrepo.com). Objects were selected261

to have similar line thickness and to be identifiable in different orientations. We further262

only selected objects with an unambiguous orientation in their neutral unrotated form (0°263

orientation), such as a bottle or chair. To standardize the pictures, all SVGs were resized264

to the same size with Inkscape (Inkscape Developers, 2021).265

Objects were shown in one out of eight colors in combination with one out of eight266

orientations on a white background. For colors, we used an online tool267

(https://mokole.com/palette.html) to select eight colors with maximal visual268

distinctiveness based on perceptual distance in the CIELAB color space (palette settings of269

the color generator: 5% minimum luminosity, 90% maximum luminosity, and 15000270

maximum loops). The color names of the selected colors were darkgreen (hexadecimal color271

code: #006400), red (#ff0000), gold (#ffd700), mediumvioletred (#c71585), lime272

(#00ff00), aqua (#00ffff), blue (#0000ff), and dodgerblue (#1e90ff). For the object273

orientations, we rotated them by 0° to 315° in 45° increments, resulting in eight274

orientations. The orientation of each object was additionally indicated by a small black275

dot. The combination of 8 colors and 8 orientations resulted in 64 possible distinct feature276

combinations. In Figure 2, an example object is shown in the eight possible colors and277

orientations. The experiment was implemented using lab.js (Henninger et al., 2022). Data278

collection was managed by JATOS (Lange et al., 2015).279

Design. The experiment employed a one-factorial design with item type (old280

vs. new object in the test phase) as a within-participants factor. The key dependent281

1 Considering that binding deficits are often observed in older adults (e.g., Kuhlmann et al., 2016; Ngo et
al., 2019), we conducted robustness analyses in which we excluded adults older than 60 years (cf. Greene &
Naveh-Benjamin, 2020; Kuhlmann et al., 2016). This resulted in the exclusion of an additional 24
participants in Experiment 1, 90 participants in Experiment 2, and 8 participants in Experiment 3.
However, excluding these older participants did not affect the qualitative interpretation of the results for
any of the experiments.

https://www.svgrepo.com
https://mokole.com/palette.html
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Figure 2
Example Object with the Eight Possible Colors and Orientations in Experiment 1

Notes. Color names, hexadecimal color codes, and rotation degrees of the orientations (from
top left to bottom left): darkgreen/#006400/0°, red/#ff0000/45°, gold/#ffd700/90°, medi-
umvioletred/#c71585/135°, lime/#00ff00/180°, aqua/#00ffff/225°, blue/#0000ff/270°,
dodgerblue/#1e90ff/315°.

variable were participants’ responses in the old/new and 4AFC recognition test.282

Procedure. The experiment consisted of a learning, a filler, and a test phase. The283

instructions for each phase are available at the OSF (Schreiner et al., 2026). In the learning284

phase, participants were presented with pictures of everyday objects in the screen center.285

They first received detailed information and graphical examples of the objects they were286

going to see and were instructed to imagine each object in real life with the color and287

orientation with which they were shown. For the learning phase, 16 objects were randomly288

drawn from the pool of 24 objects and presented to participants with a specific combination289

of one out of eight colors and one out of eight orientations (see Figure 2) for 1 s each.290

Thus, 16 feature combinations were randomly drawn from the pool of 64 possible feature291

combinations, with the constraint that each color and orientation were shown exactly twice292

and each specific feature combination only once to each participant. The learning phase293
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thus consisted of 16 trials. Each trial started with a 500 ms fixation cross and ended with a294

500 ms interstimulus interval (ISI) during which a blank screen was shown. Participants295

were not informed that their memory would later be tested (incidental learning).296

After the learning phase, participants had to conduct a filler task to clear items297

from working memory and to prevent recency effects. In the filler task, participants had to298

solve randomly generated arithmetic tasks (including addition, subtraction, and299

multiplication) for one minute.300

After the filler phase, the test phase commenced, in which participants conducted301

memory tests on object and feature memory. Participants first received detailed302

information about the memory tests, including graphical representations of the test303

questions and example trials with highlighted correct responses. The test phase consisted304

of 16 trials. In half of the trials, the displayed objects were old, that is, objects that were305

presented during the learning phase. In the other half, they were new objects that had not306

been presented during the learning phase. Objects were presented in a 2 × 2 grid307

containing four instances of the object with different combinations of the color and308

orientation features. In each trial, participants had to conduct an old/new recognition test309

probing object memory (i.e., indicate whether the object presented in the grid was old or310

new). Irrespective of whether the object was old or new, they also had to conduct a 4AFC311

recognition test probing memory for features (i.e., select the old feature combination from312

the learning phase). One grid cell contained the object in a feature combination that313

occurred in the learning phase (target). The remaining three grid cells contained the object314

with novel feature combinations (distractors). One distractor had the same color as the315

target but a different orientation, one distractor had a different color but the same316

orientation, and one distractor had both a different color and orientation than the target.317

Distractor features were otherwise selected at random. Therefore, for example, the318

difference between the distractor and target orientation varied unsystematically across319

trials. In each grid, the object color was constant within rows and the orientation was320
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constant within columns. The target position was counterbalanced across trials, that is,321

the target appeared in each of the four cell positions in the grid exactly 4 times. The322

combination of the old/new recognition test probing object memory and the 4AFC323

recognition test probing feature memory in each trial enabled us to distinguish between324

feature retrieval in the presence and in the absence of object information. Figure 3 shows325

an example of a learning and a corresponding test trial with either an old or new object.326

Figure 3
Example Learning Trial and Corresponding Test Trial with an Old Object (Left) or New
Object (Right)

1 2

43

1 2

43

Notes. Correct answers are indicated by black boxes. The top row represents exemple trials
from the learning phase and was not shown during the test.



REPRESENTING OBJECTS AND FEATURES IN LONG-TERM MEMORY 17

Data Analysis. Data were analyzed by computing the frequencies of the twelve327

possible response categories in the test phase. These response frequencies were aggregated328

across participants and items and then analyzed using an MPT model (Batchelder &329

Riefer, 1999; Erdfelder et al., 2009; Riefer & Batchelder, 1988). Model parameters reflect330

assumed cognitive processes leading to participants’ response falling into a specific response331

category. Participants could either indicate correctly (o) or incorrectly (o) that an item is332

old or new in the object memory test. If the item was old, they could select a response333

option that contained either the correct color (c) and/or orientation (r) or an incorrect334

color (c) and/or orientation (r) in the feature memory test. In the case of new items,335

partially correct answers for the feature memory test were not possible as the object was336

not shown in the learning phase, and thus participants could only select the response337

option containing the target feature combination (cr) or a distractor (cr). The combination338

of responses in both tests resulted in twelve response categories. We used an adapted339

version of the multinomial model for crossed source information (Meiser & Bröder, 2002),340

which is an extension of the two-high threshold model of source monitoring (Bayen et al.,341

1996), and has been previously applied to investigate feature binding (e.g., Boywitt &342

Meiser, 2012a; Meiser & Bröder, 2002).343

The MPT model used for analyzing the data is shown in Figure 4. It consists of two344

trees, one for old and one for new objects. In the old tree, parameter Do denotes the345

probability of detecting an old item. Given detection of an old item, the corresponding346

feature combination can be jointly retrieved with probability dj,o. If the joint retrieval of a347

feature combination fails, color and orientation features can still be retrieved separately348

with probabilities dc and dr, respectively. If participants fail to retrieve a feature, they can349

guess it with probabilities gc (color) and gr (orientation). If participants fail to detect an350

old item, they can guess it to be old with probability b. For undetected old objects, feature351

combinations can be jointly retrieved with probability dj,u. Otherwise, they can be guessed352

separately with probabilities gc and gr, respectively. In the new tree, parameter Dn denotes353
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the probability of detecting a new item. In this case, feature combinations can be jointly354

retrieved with probability dj,n. If joint retrieval fails, the correct feature combination can355

be guessed with probability gj. If new items are not detected, they can be guessed to be356

old with probability b. For such undetected new items, features can be retrieved jointly357

with probability dj,u. Note that the model assumes the same probability for joint feature358

retrieval for undetected old and new objects, as both cases involve a state of uncertainty359

regarding whether an object has been previously encountered. Again, if joint retrieval fails,360

the correct feature combination can be guessed with probability gj. That is because, in the361

case of new objects, the only possible retrieval and guessing process is for the (unique)362

feature combination and not for the (non-unique) individual features.363

To make the model identified, we constrained several parameters based on364

theoretical considerations. First, we constrained the detection parameters to be equal (Do365

= Dn), thus assuming no difference in the detection probability for old and new objects.366

Second, we constrained the individual feature retrieval parameters to be equal (dc = dr),367

thus assuming no difference in the retrieval probability for color and orientation features.2368

Third, we fixed individual feature guessing parameters (gc and gr) to .5 and the joint369

guessing parameter for feature combinations (gj) to .25, according to the stochastic370

guessing probabilities in the 4AFC recognition test, thus assuming unbiased guessing.371

Simulated identifiability checks (Moshagen, 2010) in R indicated that the model is372

identified with these restrictions.373

The test-relevant parameters are those reflecting feature-feature binding in the374

absence of object information at test, that is, dj,n, representing joint feature retrieval for375

detected new objects, and dj,u, representing joint feature retrieval for undetected objects.376

To test for feature-feature binding, we tested whether dj,n and dj,u differed from zero. To377

2 While this constraint is necessary for a globally identified model, removing this constraint (i.e.,
estimating both individual feature retrieval parameters individually) still yields a model that is locally
identified for reasonable values of the parameter space (see Experiment 2). Removing this constraint in a
post-hoc analysis for Experiment 1, however, did not substantially affect the results.
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Figure 4
Diagram of the Multinomial Processing Tree Model Used in Experiments 1 and 2
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Notes. Model parameters: Do = probability to detect an old object, Dn = probability to
detect a new object, dj,o = probability to jointly retrieve features for detected old objects,
dj,u = probability to jointly retrieve features for undetected objects, dj,n = probability to
jointly retrieve features for detected new objects, dc = probability to retrieve the color
feature, dr = probability to retrieve the orientation feature, b = probability to guess "old" for
undetected objects, gc = probability to guess correct color, gr = probability to guess correct
orientation, gj = probability to guess correct feature combination. Response categories
are based on a three-letter code with 1) old/new response correct (o) or incorrect (o), 2)
correct (c) or incorrect (c) selection of color feature, 3) correct (r) or incorrect (r) selection
of orientation feature.
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this end, we constrained them to zero, respectively, and compared the constrained378

submodels (M1: dj,n = 0, M2: dj,u = 0) to a baseline model (M0) without these restrictions.379

We then tested whether the restrictions lead to a significantly worse model fit by testing380

the difference in goodness-of-fit statistics between the two compared models (∆G2), which381

under the null hypothesis follows a χ2 distribution with one degree of freedom. Parameter382

dj,o, representing joint feature retrieval for detected old objects, also reflects feature-feature383

binding, but in the presence of object information. It is therefore not suited to disentangle384

a direct link between features from an indirect link between features via the object.385

Nevertheless, we tested whether this parameter differs from zero in the same way (M3: dj,o386

= 0), but note that the power for this test was quite low (see the discussion of Experiment387

1). We used the conventional significance level of α = 5% for all tests.388

Results389

On average, participants exhibited hit rates of .72 (SD = .20) and correct rejection390

rates of .78 (SD = .21) in the object memory test. Participants’ performance in the feature391

memory test is shown in Figure 5. An exploratory paired-samples t-test revealed that the392

proportion of jointly identifying the color and orientation feature differed between old and393

new objects, being higher for old objects where object information was generally present at394

test (MD = 0.12, 95% CI [0.09, 0.15], t(229) = 7.29, p < .001). We further conducted395

exploratory one-tailed one-sample t-tests to test whether the proportion of joint feature396

identification was above chance (.25) in situations were object information was not397

available or accessible to participants and participants were in a state of uncertainty398

regarding whether an object had been previously encountered (undetected old objects and399

undetected new objects) or in a state of certainty (detected new objects). P values were400

adjusted using the Holm-Bonferroni method to account for multiple comparisons. These401

tests yielded non-significant results for all of these situations (detected new objects:402

M = 0.27, 95% CI [0.24, 0.29], t(229) = 1.53, p = .193, undetected new objects: M = 0.26,403

95% CI [0.21, 0.31], t(157) = 0.43, p = .625, undetected old objects: M = 0.26, 95% CI404
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[0.22, 0.30], t(192) = 0.49, p = .625), suggesting that the probability to jointly retrieve both405

features was not above chance.406

Figure 5
Proprotions of Feature Identifications in the Feature Memory Test of Experiment 1
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Notes. Error bars represent ± SEM.The dashed horizontal line reflects the chance level of
selecting a response category. Object detection refers to identifying an old object as old and
a new object as new.

The aggregated response frequencies are shown in Table A1 in the Appendix.407

Parameter estimates for the baseline model M0 are shown in Table 1. Model fit indices, as408

well as differences in model fit between the submodels and the baseline model are shown in409

Table 2.410

Log-likelihood ratio tests suggested a good model fit of the baseline model and all411

nested submodels, as none of the tests was significant (see Table 2). As can be seen in412

Table 1, parameter estimates for dj,n and dj,u were close to zero, with the estimate for dj,o413

being somewhat larger. However, conditional likelihood-ratio tests comparing each414
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submodel to the baseline model (see Table 2) suggested that restricting either of the415

parameters dj,n, dj,u, or dj,o to zero does not significantly worsen model fit and that these416

parameters therefore do not significantly differ from zero.417

Table 1
Parameter Estimates of the Baseline Model (M0) in
Experiments 1 and 2

Experiment 1 Experiment 2

Parameter Estimate 95% CI Estimate 95% CI

Do = Dn .50 [.47, .53] .48 [.47, .49]

dj,o .13 [-.04, .30] .15 [.07, .23]

dj,n .04 [-.01, .10] .03 [.01, .05]

dj,u .00 [-.04, .04] .01 [.00, .02]

dc .35 [.20, .51] .30 [.23, .38]

dr = dc .49 [.43, .55]

b .44 [.41, .47] .41 [.40, .42]

Notes. Do = probability to detect an old object, Dn =

probability to detect a new object, dj,o = probability to

jointly retrieve features for detected old objects, dj,u =

probability to jointly retrieve features for undetected ob-

jects, dj,n = probability to jointly retrieve features for de-

tected new objects, dc = probability to retrieve the color

feature, dr = probability to retrieve the orientation fea-

ture, b = probability to guess "old" for undetected objects.

418



REPRESENTING OBJECTS AND FEATURES IN LONG-TERM MEMORY 23

Table 2
Model Fit Indices for the Baseline (M0) and Submodels (M1, M2,
M3) and Differences in Model Fit Indices of the Nested Submodels
Compared to the Baseline Model (Submodel - Baseline Model) in
Experiments 1 and 2

Experiment 1 Experiment 2

Model G2 df p ∆G2 p G2 df p ∆G2 p

M0 6.49 4 .17 7.30 3 .06

M1 9.14 5 .10 2.65 .10 14.05 4 .007 6.75 .009

M2 6.49 5 .26 0.00 .98 9.54 4 .049 2.24 .13

M3 8.11 5 .15 1.62 .20 16.67 4 .002 9.38 .002

Notes. M0: baseline model, M1: dj,n = 0, M2: dj,u = 0, M3: dj,o = 0.

∆df = 1 for all model comparisons.

419

Discussion420

Experiment 1 revealed no evidence for feature-feature binding, as both parameters421

reflecting joint feature retrieval in the absence of object information (for new objects, dj,n,422

and for undetected objects, dj,u) did not significantly differ from zero. This provides423

evidence against theoretical accounts suggesting a direct link between features or a full424

integration of objects and features, such as the mutual cuing hypothesis (Meiser & Bröder,425

2002) or the object-based account (Balaban et al., 2020, except if one adopts a hierarchical426

object-based view where the retrieval of any feature relies on the retrieval of the object).427

Problematically, however, the parameter reflecting joint feature retrieval in the presence of428

object information (for old objects, dj,o) did also not significantly differ from zero. As this429

parameter could reflect both a direct link between features or an indirect link via the430

object, essentially all theoretical accounts would suggest it to be significantly larger than431

zero, perhaps for the feature-based account (Utochkin & Brady, 2020) to a somewhat lesser432

extent. It should be noted though that, descriptively, this parameter was substantially433
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larger than the other joint retrieval parameters and that its confidence interval was quite434

wide. As noted previously, our power for testing for dj,o was quite low. Testing it with a435

power of 1 − β = .95 to detect a parameter value of at least .10 would have required 2271436

participants given the experimental design and procedure of Experiment 1. Still, the fact437

that it did not significantly differ from zero in the experiment limits the conclusions that438

can be drawn regarding the suitability of different feature binding accounts. The rather439

small parameter estimate for dj,o, indicating limited learning of feature conjunctions, is440

actually quite surprising, especially considering that the learning list was quite short. For441

example, Meiser and Bröder (2002) observed substantially higher performance despite442

longer learning lists and using words instead of pictures. In Experiment 2, we therefore443

aimed to be able to reliably detect joint feature retrieval in the presence of object444

information by increasing statistical power.445

Experiment 2446

In Experiment 2, we again tested for feature-feature binding, but increased the447

statistical power to also be able to detect binding in the presence of object information.448

This was done by both increasing the number of participants and the number of449

observations per participant (by drawing from a larger set of colors and orientations). As450

we wanted to increase memory performance despite a longer learning list, we further made451

learning intentional by explicitly informing participants that their memory for the452

presented objects would later be tested to facilitate encoding and increase the number of453

available observations for estimating parameter dj,o. In addition, we used a loosened set of454

parameter restrictions for the MPT model that allows to separately estimate the455

probability of retrieving features individually, thus making the model more flexible.456

Methods457

Participants. Participants were again recruited via Prolific458

(https://www.prolific.com) and received a compensation of £1.50. They were prescreened459

for English language proficiency at a native level, being older than 18 years, and to have460

https://www.prolific.com
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functioning color vision. We conducted an a priori power analysis for the planned461

parameter tests on dj,n, dj,u, and dj,o in multiTree (Moshagen, 2010), with underlying462

parameter assumptions being based on a pilot study (N = 30). To detect parameter values463

of at least .10 in an aggregated analysis (aggregated across participants and items with 36464

observations per participant) with a power of .90 and a significance level of .05, the465

analysis yielded a sample size of 716 participants (the test of dj,o requires the largest466

sample size). To account for possible data exclusions, we collected data from a total of 745467

participants (the data of five participants was not transmitted due to technical problems).468

All participants provided informed consent for their participation and publication of their469

data. A total of 47 were excluded due to reporting technical problems (33), selecting the470

same response option for the features in all but one trial (1), selecting “new” for all trials471

(1), or reporting to have misunderstood the instructions (12). We also checked for472

conspicuous response patterns but again no exclusions were necessary on this basis. The473

final sample therefore consisted of 698 participants (Mage = 42.42, SDage = 14.06, gender:474

394 female, 297 male, 7 non-binary, education: 268 grad school, 233 college, 191 high475

school, 6 no schooling completed).476

Materials and Apparatus. The stimulus set consisted of 54 pictures of477

everyday objects and was an extension of the set used in Experiment 1 (again478

two-dimensional icons in the SVG format). Objects were shown in one out of 12 colors in479

combination with one out of 12 orientations on a white background. Colors were selected480

to have maximum contrast based on a list by Kelly (1965; see also Green-Armytage, 2010).481

The color names (in the ISCC-NBS system) of the selected colors were vivid yellow482

(#f3c300), strong purple (#875692), vivid orange (#f38400), very light blue (#a1caf1),483

vivid red (#be0032), grayish yellow (#c2b280), medium gray (#848482), vivid green484

(#008856), strong purplish pink (#e68fac), strong blue (#0067a5), brilliant yellow green485
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(#bdda57), and strong brown (#80461b).3 For the object orientations, we rotated them by486

0° to 330° in 30° increments, resulting in 12 orientations. The orientation of each object487

was additionally indicated by a highlighted line on a circle around the object. The488

combination of colors and orientations resulted in 144 possible distinct feature489

combinations. In Figure 6, an example object is shown in 12 possible colors and490

orientations. The experiment was again implemented using lab.js (Henninger et al., 2022)491

and data collection was managed by JATOS (Lange et al., 2015).492

Figure 6
Example Object with the Twelve Possible Colors and Orientations in Experiment 2

Notes. Color names, hexadecimal color codes, and rotation degrees of the orientations
(from top left to bottom left): vivid yellow/#f3c300/0°, strong purple/#875692/30°,
vivid orange/#f38400/60°, very light blue/#a1caf1/90°, vivid red/#be0032/120°, medium
gray/#848482/150°, grayish yellowy/#c2b280/180°, vivid green/#008856/210°, strong pur-
plish pink/#e68fac/240°, strong blue/#0067a5/270°, brilliant yellow green/#bdda57/300°,
strong brown/#80461b/330°.

Design and Procedure. The design and procedure were identical to Experiment493

1, with the following exceptions. For the learning phase, 36 objects were randomly drawn494

from the pool of 54 objects and presented to participants with a specific combination of495

one out of 12 colors and one out of 12 orientations (see Figure 6) for 2.5 s each. Thus, 36496

feature combinations were randomly drawn from the pool of 144 possible feature497

combinations, with the constraint that each color and orientation were shown exactly three498

3 Note that the last two colors were not part of the list by Kelly (1965) but were selected by the authors to
have high contrast compared to the remaining colors within the experimental setup.
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times to each participant. Participants were instructed to memorize each object, including499

its color and orientation, as their memory for the objects would later be tested (intentional500

learning). The learning phase thus consisted of 36 trials. The test phase also consisted of501

36 trials (with 18 old and 18 new objects).502

Data Analysis. The data analysis was identical to Experiment 1, except that we503

did no longer constrain the individual feature retrieval parameters (dc and dr) to be equal.504

Simulated identifiability checks in R indicated that, also with this loosened restriction, the505

model is locally identified for reasonable values of the parameter space (between .05 and .9506

for dc, dr, Do, and Dn, and between 0 and .9 for dj,n, dj,u, and dj,o).507

Results508

On average, participants exhibited hit rates of .69 (SD = .18) and correct rejection509

rates of .78 (SD = .19) in the object memory test. Participants’ performance in the feature510

memory test is shown in Figure 7. An exploratory paired-samples t-test revealed that the511

proportion of jointly identifying the color and orientation feature differed between old and512

new objects, being higher for old objects where object information was generally present at513

test (MD = 0.14, 95% CI [0.13, 0.16], t(697) = 19.93, p < .001). We further again514

conducted exploratory one-tailed one-sample t-tests to test whether the proportion of joint515

feature identification was above chance (.25) in situations were object information was not516

available or accessible to participants and participants were in a state of uncertainty517

regarding whether an object had been previously encountered (undetected old objects and518

undetected new objects) or in a state of certainty (detected new objects). P values were519

again adjusted using the Holm-Bonferroni method to account for multiple comparisons.520

These tests yielded a significant result for detected new objects (M = 0.27, 95% CI521

[0.26, 0.27], t(697) = 3.62, p < .001), but not for undetected new objects (M = 0.24, 95%522

CI [0.22, 0.27], t(570) = −0.55, p = .708) or undetected old objects (M = 0.27, 95% CI523

[0.25, 0.28], t(679) = 1.95, p = .051). This suggests that the probability to jointly retrieve524

both features was above chance if participants were in a state of certainty but not if they525
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were in a state of uncertainty.526

Figure 7
Proprotions of Feature Identifications in the Feature Memory Test of Experiment 2
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Notes. Error bars represent ± SEM.The dashed horizontal line reflects the chance level of
selecting a response category. Object detection refers to identifying an old object as old and
a new object as new.

The aggregated response frequencies are shown in Table A1 in the Appendix.527

Parameter estimates for the baseline model M0 are shown in Table 1. Model fit indices, as528

well as differences in model fit between the submodels and the baseline model are shown in529

Table 2.530

Log-likelihood ratio tests suggested a good model fit of the baseline model, but531

model misfit of the three nested submodels (see Table 2), as the test did not reach532

significance for the baseline model, but did so for the submodels. As can be seen in Table533

1, parameter estimates for dj,n and dj,u were small, but their 95% confidence intervals did534

not include zero. The estimate for dj,o was larger. Conditional likelihood-ratio tests535
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comparing each submodel to the baseline model (see Table 2) suggested that restricting536

dj,n or dj,o to zero significantly worsens model fit and that these parameters therefore537

substantially differ from zero. Restricting dj,u to zero did not significantly worsen model fit,538

suggesting that this parameter does not significantly differ from zero. Note though, that539

the model with dj,u restricted to zero exhibited significant misfit and that the 95%540

confidence interval of the parameter estimate did not include zero. There is thus some541

ambiguity regarding whether dj,u differs from zero or not.542

Discussion543

In Experiment 2, we found evidence for feature-feature binding in the absence of544

object information at test, at least for detected new objects (dj,n), though it should be545

noted that the parameter estimate was quite small in magnitude. Importantly, the546

parameter reflecting joint feature retrieval in the presence of object information (for old547

objects, dj,o) was significantly larger than zero in this experiment, as would be expected by548

essentially all theoretical feature binding accounts. This made the findings from this549

experiment more informative than the ones from Experiment 1. The results of Experiment550

2 provide evidence for theoretical accounts suggesting a direct link between features or a551

full integration of objects and features, such as the mutual cuing hypothesis (Meiser &552

Bröder, 2002) and the object-based account (Balaban et al., 2020), and against accounts553

suggesting no direct link between features, such as the binding variability hypothesis554

(Starns & Hicks, 2005, 2008) or the feature-based account (Utochkin & Brady, 2020).555

Interestingly, if participants were in a state of uncertainty regarding whether an object is556

old or new, the probability of joint feature retrieval (dj,u) was lower than for detected new557

objects (dj,n) and did not significantly differ from zero, a finding also mirrored in the558

exploratory analysis of response proportions (note though, that there is some ambiguity559

regarding this interpretation, as the submodel with dj,u restricted to zero itself exhibited560

misfit and the estimate’s confidence interval did not include zero). This suggests that the561

state of uncertainty may have interfered with joint feature retrieval to some extent,562
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perhaps because participants assigned more cognitive resources for object identification,563

leaving less processing capacity for feature retrieval.564

Interestingly, the estimates for the individual feature retrieval parameters (dc and565

dr) suggest a difference in retrieval probabilities, with orientations being more likely to be566

retrieved individually than colors. In Experiment 2, this was the case to such an extent567

that applying an equality constraint on these parameters lead to significant misfit of the568

baseline model. In Experiment 1, this was also descriptively the case, although to a lesser569

extent, such that the equality constraint did not lead to significant baseline model misfit.570

The reason for this discrepancy in retrieval probabilities may be the additional visual cues571

we used for highlighting orientations. It should be noted, however, that the individual572

feature retrieval parameters are estimated conditionally on the joint feature retrieval573

parameter for detected old objects (dj,o) and therefore do not affect the conclusions drawn574

from the test-relevant parameter estimates.575

So far, we have obtained mixed evidence for the existence of a direct link between576

features of an object, finding contradictory evidence in Experiment 1, but confirmatory577

evidence for a weak direct link between features in Experiment 2. While Experiment 2 was578

more informative than the first experiment, due to higher statistical power and fewer579

parameter constraints in the model analysis, we nevertheless set out to demonstrate a580

direct link between features again in a third experiment to provide a proof of concept of581

direct feature-feature binding.582

Experiment 3583

In Experiment 3, we aimed to simplify the test procedure by focusing exclusively on584

joint feature retrieval without object information at test. To this end, participants were585

presented in each trial during test with a single new object and instructed to indicate586

whether the feature combination with which this object was presented was old or new.587

Thus, instead of an old/new recognition test for the object in combination with a 4AFC588

test for the feature combination, participants only conducted an old/new recognition test589
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for the feature combination.590

Additionally, to further increase the sensitivity to detect a direct link between591

feature representations, we increased the distinctiveness of each learned feature-feature592

combination by presenting each feature only once during test. Thus, in contrast to593

Experiment 2 where each color and each orientation were presented three times and thus594

appeared in three target combinations, each color was uniquely associated with a single595

orientation in Experiment 3.596

Methods597

Participants. Participants were again recruited via Prolific598

(https://www.prolific.com) and received a compensation of £0.90. They were prescreened599

for English language proficiency at a native level, being older than 18 years, and600

functioning color vision. We conducted an a priori power analysis (for a simplified MPT601

model, see Data Analysis section) for the planned parameter test on dj,n in multiTree602

(Moshagen, 2010), with underlying parameter assumptions being based on the previous603

experiments. To detect a parameter value of at least .05 in an aggregated analysis604

(aggregated across participants and items with 24 observations per participant) with a605

power of .90 and a significance level of .05, the analysis yielded a sample size of 176606

participants. To account for possible data exclusions, we collected data from a total of 189607

participants (the data of one participant was not transmitted due to a technical problem).608

All participants provided informed consent for their participation and publication of their609

data. A total of 7 were excluded due to reporting technical problems (5) or disruptions610

during the test phase (2). We also checked for conspicuous response patterns but again no611

exclusions were necessary on this basis. The final sample therefore consisted of 182612

participants (Mage = 36.12, SDage = 11.56, gender: 119 female, 61 male, 2 non-binary,613

education: 69 grad school, 72 college, 37 high school, 4 no schooling completed).614

Materials and Apparatus. The stimulus set consisted of a subset of 36 pictures615

(i.e., two-dimensional icons in SVG format) of everyday objects from the previous616

https://www.prolific.com
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experiments. Colors and orientations were identical to Experiment 2. Again, the617

experiment was implemented using lab.js (Henninger et al., 2022) and data collection was618

managed by JATOS (Lange et al., 2015).619

Design. The experiment employed a one-factorial design with feature combination620

type (old vs. new feature combination in the test phase) as a within-participants factor.621

The key dependent variable were participants’ responses in the old/new recognition test.622

Procedure. The procedure was identical to Experiment 2, with the following623

exceptions: For the learning phase, 12 objects were randomly drawn from the pool of 36624

objects. Twelve feature combinations were randomly drawn from the pool of 144 possible625

feature combinations, with the constraint that each color and each orientation were shown626

exactly once in a unique combination to each participant. The learning phase thus627

consisted of 12 trials. Participants were instructed to memorize each object, including its628

color and orientation, as their memory for the features would later be tested (intentional629

learning). In the test phase, participants were presented with the remaining 24 objects630

from the item pool. Thus, only new objects were presented during test such that no object631

information was available during retrieval of the feature combination. Crucially, in half of632

the trials, objects were presented with an old feature combination, that is, a feature633

combination that was shown with a different object in the learning phase. The other half of634

the objects were presented with a new feature combination, that is, a feature combination635

that was not presented in the learning phase. Participants were informed that only new636

objects would be presented in the test phase but that some of the shown feature637

combinations would be old and some would be new. Across the 24 test trials, each color and638

each orientation was presented exactly two times, once as a target (i.e., in an old feature639

combination) and once as a distractor. Participants had to conduct an old/new recognition640

test, indicating in each trial whether the shown feature combination was old or new.641

Data Analysis. Given the reduced complexity of the test phase compared to642

Experiments 1 and 2, there were only four response categories (responding old or new for643
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factually old or new feature combinations). We thus used a simpler MPT model for644

analyzing the data (see Figure 8). The model comprised two trees, one for old and one for645

new feature combinations. Participants could detect an old or new feature combination646

with probability dj,n. Otherwise, they could guess “old” with probability g. dj,n therefore647

reflects participants’ ability to distinguish between old and new feature combinations in the648

absence of object information and is therefore indicative of a direct link between features.649

We then tested whether dj,n significantly differs from zero as in Experiments 1 and 2. Note650

that the baseline model has zero degrees of freedom, and therefore model fit can not be651

assessed. However, parameter estimates can be interpreted and we can still test for dj,n, as652

the submodel with dj,n constrained to zero has one degree of freedom. The conditional653

likelihood-ratio test comparing the submodel and the baseline model is then equivalent to654

the likelihood-ratio test for the submodel.655

Figure 8
Diagram of the Multinomial Processing Tree Model Used in Experiment 3

dj,n old

1 - dj,n

g old

1 - g new

Old

dj,n new

1 - dj,n

g old

1 - g new

New

Notes. Model parameters: dj,n = probability to detect an old or new feature combination, g
= probability to guess "old" for undetected feature combinations

Results656

On average, participants exhibited hit rates of .40 (SD = .24) for old feature657

combinations and correct rejection rates of .69 (SD = .21) for new feature combinations.658
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We first conducted an exploratory one-tailed paired-samples t-test to test whether659

participants’ hit rates were higher than their false alarm rates. This test revealed hit rates660

to be significantly higher than false alarm rates (MD = 0.09, 95% CI [0.05, 0.13],661

t(181) = 4.59, p < .001), suggesting that participants were sensitive to the feature662

combinations.663

The aggregated response frequencies are shown in Table A2 in the Appendix. The664

parameter estimates for the baseline model M0 were dj,n = .09 (95% CI [.06, .12]) and g =665

.34 (95% CI [.33, .36]). A conditional likelihood-ratio test comparing the submodel M1666

with dj,n constrained to zero to the baseline model was significant (∆G2(1) = 37.96, p <667

.001). This indicates that restricting dj,n to zero leads to significant model misfit,668

suggesting that this parameter significantly differs from zero.669

Discussion670

In Experiment 3, we again found evidence for feature-feature binding in the absence671

of object information at test, using a simpler experimental procedure and unique – and672

thus more distinct – feature combinations. This once again provides evidence for a direct673

link between feature representations and therefore evidence for theoretical accounts674

suggesting such a link, such as the mutual cuing hypothesis (Meiser & Bröder, 2002) and675

the object-based account (Balaban et al., 2020), and against accounts suggesting no direct676

link between features, such as the binding variability hypothesis (Starns & Hicks, 2005,677

2008) or the feature-based account (Utochkin & Brady, 2020). It should be noted, however,678

that the observed stochastic dependence in the absence of object information may not only679

be due to a direct link between features, but possibly also due to an indirect link via the680

object. Specifically, as each feature occurred only once in the learning phase, a given681

feature may cue the retrieval of the object, which may in turn cue the retrieval of the other682

feature. Therefore, parameter dj,n may not necessarily provide a pure indication of direct683

feature-feature binding but could to some extent be inflated due to object-mediated feature684

links and a “pure” estimate may rather be comparable in magnitude to the one observed in685
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Experiment 2. We revisit this point in the General Discussion.686

General Discussion687

Successfully remembering an object requires that representations of the object and688

its features are bound together in memory. While this principle is widely accepted, the689

exact configuration of these bindings remains a topic of debate: Some theoretical accounts690

– such as the binding-variability hypothesis (Starns & Hicks, 2005, 2008) – propose that691

object features are exclusively linked to the object but not to each other. In contrast, other692

theories – such as the mutual cuing hypothesis (Meiser & Bröder, 2002) – suggest that693

features are directly linked. In this study, we aimed to resolve the ambiguity of previous694

empirical evidence and adjudicate between these theoretical accounts by directly testing695

the assumption of feature-feature binding.696

In three experiments, we investigated recognition memory for feature-feature697

associations while controlling for the presence of object information at test – a major698

confound that has been prevalent in prior research (see also Starns & Hicks, 2008). In two699

experiments, we found significant stochastic dependence of the retrieval of object features700

even when object information was absent at test. Even though this dependence was quite701

small, this finding supports the notion that feature representations can be directly linked in702

memory. Consequently, our results challenge theoretical accounts positing that feature703

associations arise solely from their respective connections to the same object.704

Theoretical Implications705

In the object memory domain, theories of object-feature representations can be706

placed along a continuum defined by the degree of postulated interdependence among707

features (Figure 1). At one end, the feature-based account (Utochkin & Brady, 2020)708

proposes that objects and features are stored independently. At the other end, the709

object-based account (Balaban et al., 2020) posits that features and objects are fully710

integrated into a unified memory representation. The mixed empirical support for these711

opposing models has given rise to an intermediate view: the hierarchical feature bundle712
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hypothesis. According to this framework, features are stored as lower-level representations713

linked to a higher-order object representation (Brady et al., 2011; see also Balaban et al.,714

2020; Utochkin & Brady, 2020).715

While the hierarchical feature bundle hypothesis explicitly predicts stochastic716

dependence between memory for the object and its features, it remains ambiguous about717

the exact nature of the relationship between features. Our findings suggest that feature718

representations are neither completely independent nor are objects and features retrieved719

in an all-or-nothing fashion. This pattern of results provides further support for the720

hierarchical feature bundle hypothesis, while also extending it by demonstrating a weak721

direct link between features.722

In contrast to the object memory domain, theoretical accounts in the source723

memory domain make explicit claims about feature-feature binding. The binding724

variability hypothesis argues that observed stochastic dependence of feature retrieval725

reflects statistical artifacts (Starns & Hicks, 2005, 2008), whereas the mutual cuing726

hypothesis posits that feature representations are directly linked in memory (Meiser &727

Bröder, 2002). These accounts diverge in whether or not they assume direct feature-feature728

binding (Figure 1). Our results, showing stochastic dependence of feature retrieval even729

when information about the object itself is absent at test, favor the existence of a direct730

link between features, thereby supporting the mutual cuing hypothesis over the binding731

variability hypothesis.732

One might object that the observed effect is small, both in terms of behavioral733

performance and parameter estimates of joint feature retrieval across experiments.734

Nevertheless, we contend that it carries substantial theoretical weight. From a practical735

standpoint, a modest effect may seem of limited relevance. However, the presence of a736

reliable dependence between feature representations in the absence of object information at737

test – however small – is fundamentally incompatible with theoretical accounts that assume738

feature independence. Crucially, the existence versus absence of a direct link between739
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feature representations is a defining assumption that distinguishes competing theoretical740

accounts on binding in long-term memory, such as the mutual cuing and binding variability741

hypotheses. Adjudicating between these accounts therefore depends on whether742

feature-feature binding occurs at all. Our findings, though quantitatively small, offer a743

direct test of this assumption and carry important implications for theories of binding in744

long-term memory.745

Limitations and Future Directions746

At first glance, the absence of evidence for feature-feature binding in Experiment 1747

may appear to contradict the findings from Experiments 2 and 3. However, several aspects748

of the design and our analysis choices should be considered here. Most importantly,749

Experiment 1 may have suffered from low statistical power. The sample size was750

determined by a power analysis based on an expected joint retrieval probability of .10.751

However, our results suggest that this probability may be considerably smaller. In contrast,752

the substantially larger sample size in Experiment 2 and the simplified design in753

Experiment 3 may have increased sensitivity to detect such small effects.754

Another potential limitation concerns the unique interpretation of stochastic755

dependence in the absence of object information as evidence for a direct link between756

features. One could reasonably argue that such dependence may arise not only from a757

direct link, but also from the indirect association mediated by the object. Specifically, the758

presentation of one feature might trigger retrieval of the associated object, which in turn759

facilitates retrieval of the second feature, resulting in a stochastic dependence of the760

retrieval of features bound to the same object. While we cannot entirely rule out this761

possibility, it is unlikely to fully explain our results. In Experiment 2, each feature was762

associated with three different objects. In this case, as two features were presented at test,763

even the correct feature combination of the target would cue six different objects, as each764

of the features was shown with three objects during learning. Thus, even if an object was765

retrieved through cuing with one of the features, it would not reliably cue the correct766
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associated feature. In Experiment 3, in contrast, each feature was uniquely paired with one767

object, making the indirect-link explanation more plausible. Indeed, along with the768

simplified task (i.e., fewer features and fewer objects), the influence of the retrieved object769

representation as an additional cue could account for the stronger stochastic dependence770

observed in Experiment 3. Nonetheless, in combination with results from Experiment 2, it771

is unlikely that this dependence is driven by an indirect link between features alone. Thus,772

the combined results from both experiments provide a compelling proof of concept for773

direct feature-feature binding. We recommend using non-unique feature-object pairings in774

future research, however, to strengthen the conclusions that can be drawn from the775

observation of significant joint feature retrieval in the absence of object information.776

Alternatively, adding an object cued recall test similar to Experiment 3 of Starns and Hicks777

(2008), in which feature combinations are presented and participants have to recall the778

corresponding object, may help to better disentangle direct from indirect feature-feature779

binding also with the simplified design in the present Experiment 3.780

Yet another concern may be the robustness of the MPT model parameter estimates781

and test results in the present experiments. As we aggregated response frequencies across782

participants, this assumes no interindividual heterogeneity in responses (Matzke et al.,783

2015). While hierarchical Bayesian MPT models can account for such heterogeneity784

(Arnold et al., 2019; Klauer, 2006), the aggregated MPT approach we employed allows a785

more direct test of our research question by comparing nested models via likelihood-ratio786

tests. For aggregation-invariant MPT models, parameter estimates derived from787

aggregated data correspond to the expected values of individual-level parameters788

(Erdfelder et al., 2024). The MPT models we used in the present research are structurally789

aggregation invariant (an exception is the model with an equality constraint on the790

individual feature retrieval parameters in Experiment 1 but note that relaxing this791

constraint did not change the results and results in a structurally aggregation invariant792

model). A recovery simulation, in which we sampled individual response frequencies from793
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the baseline models, aggregated the data, and fit the model to the aggregated simulated794

data, further showed that the parameters in all experiments are recovered reliably and with795

high precision (see Table C1 in Appendix C). This suggests that, despite some substantial796

correlations between parameter pairs co-occurring in the same branch of the MPT models,797

(weak) empirical aggregation invariance holds (see also Erdfelder et al., 2024) and the798

reported results are not aggregation artefacts. Nevertheless, in a supplemental analysis, we799

calculated individual response frequencies for our data and fit hierarchical Bayesian MPT800

models using the R package TreeBUGS (Heck et al., 2018) using the latent-trait approach801

(Klauer, 2010) to compare the parameter estimates. The parameter estimates of the802

Bayesian hierarchical MPT models are shown in Table B1 in Appendix B. The group-level803

parameter estimates overall correspond quite closely to the parameter estimates obtained804

from the aggregated approach. However, the estimates for dj,o in Experiments 1 and 2 and805

the estimate for dj,n in Experiment 3 tend to be smaller than in the aggregated analysis,806

possibly be due to hierarchical shrinkage. Still, though, the hierarchical Bayesian estimate807

for dj,n is comparable in magnitude to the corresponding estimate in Experiment 2.808

Bayesian model comparisons regarding the test-relevant parameters (see Table B2 in809

Appendix B) generally yielded undecisive evidence for the baseline model and submodels810

(except for Experiment 3 where they clearly favored the unconstrained baseline model).811

This is generally in line with our conclusion of nonzero but small joint retrieval parameters.812

In addition, the results of the exploratory analyses of response proportions generally813

matched the results derived from the main analyses for all experiments. We therefore814

expect our main conclusions to hold, though direct feature-feature binding appears to815

indeed be small in magnitude, at least in the current experimental context.816

Looking ahead, several directions for future research emerge. First, the reliability of817

the weak direct feature-feature binding effects should be evaluated and situations identified818

that may lead to stronger effects. Second, it is important to test whether the observed819

feature-feature binding generalizes to other types of object features, such as location (i.e.,820
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an object’s position in the environment, e.g., its position on a screen) or state (e.g., a821

closed or opened umbrella). The strength of the association could vary depending on the822

specific features involved (Balaban et al., 2020; Schneegans & Bays, 2017; Treisman &823

Zhang, 2006). Third, like previous studies, our study relied on controlled but rather824

artificial stimuli, that is, simple depictions of real-world objects. To further explore the825

boundary conditions of feature-feature binding, future studies should examine whether826

similar effects are observed with more realistic stimuli, such as photographs of real-world827

objects presented in more realistic settings.828

Finally, it would be valuable to investigate how repeated encounters during829

encoding influence binding between memory representations. Specifically, repetition may830

differentially affect object-feature bindings and feature-feature bindings. Thus, this831

investigation could offer deeper insights into how integrated representations form and832

evolve in long-term memory over time. In addition, repetitions could strengthen item833

memory, increasing the number of observations for estimating joint feature retrieval834

parameters for detected objects, and therefore increase estimation precision.835
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Appendix A

Response Frequencies

Table A1
Aggregated Response Frequencies for Experiments 1 and 2

Experiment 1

Old items New items

ocr ocr ocr ocr ocr ocr ocr ocr ocr ocr ocr ocr

589 254 297 184 127 129 144 116 389 1048 103 300

Experiment 2

Old items New items

ocr ocr ocr ocr ocr ocr ocr ocr ocr ocr ocr ocr

4057 1523 1992 1125 1037 932 918 980 2621 7237 659 2047

Notes. Response categories are based on a three-letter code with 1) old/new

response correct (o) or incorrect (o), 2) correct (c) or incorrect (c) selection of

color feature, 3) correct (r) or incorrect (r) selection of orientation feature.

1000

1001

Table A2
Aggregated Response
Frequencies for
Experiment 3

Old items New items

old new old new

879 1305 684 1500

1002
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Appendix B

Hierarchical Bayesian Multinomial Processing Tree Model Results

1003

Table B1
Hierarchical Bayesian Multinomial Processing Tree Model Parameter Estimates of the Baseline Model
(M0) in all Experiments

Experiment 1 Experiment 2 Experiment 3

Parameter M (SD) 95% Bayesian CI M (SD) 95% Bayesian CI M (SD) 95% Bayesian CI

Do = Dn .50 (.03) [.44, .55] .47 (.01) [.45, .50]

dj,o .08 (.06) [.002, .21] .07 (.04) [.01, .16]

dj,n .03 (.02) [.002, .08] .02 (.01) [.001, .04] .02 (.01) [.003, .05]

dj,u .01 (.01) [.000, .03] .01 (.01) [.001, .03]

dc .34 (.07) [.19, .45] .22 (.06) [.11, .32]

dr = dc .45 (.04) [.37, .52]

b .38 (.02) [.34, .43] .36 (.01) [.33, .38]

g .36 (.02) [.33, .39]

Notes. Posterior means (M ) and standard deviations (SD) and 95% Bayesian credibility intervals (CI)

of the inverse-probit transformed group-level parameters. Model fit: Experiment 1: pT1 = .33, pT2 =

.41, Experiment 2: pT1 = .22, pT2 = .10, Experiment 3: pT1 = .44, pT2 = .43. Do = probability to detect

an old object, Dn = probability to detect a new object, dj,o = probability to jointly retrieve features

for detected old objects, dj,u = probability to jointly retrieve features for undetected objects, dj,n =

probability to jointly retrieve features for detected new objects (Experiment 3: probability to detect

an old or new feature combination), dc = probability to retrieve the color feature, dr = probability to

retrieve the orientation feature, b = probability to guess "old" for undetected objects, g = probability

to guess "old" for undetected feature combinations.
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Table B2
Bayesian Model Fit Indices for the Baseline Model
(M0) and Submodels (M1, M2, M3) and Differences in
Model Fit Indices of the Submodels Compared to the
Baseline Model (Baseline Model - Submodel) in all
Experiments.

Experiment 1

Model WAIC (SE) pWAIC ∆WAIC (SE)

M0 5,112.28 (98.79) 206.59

M1 5,114.40 (99.06) 205.89 -2.12 (3.91)

M2 5,110.87 (98.79) 201.21 1.41 (2.90)

M3 5,110.47 (98.77) 205.31 1.82 (3.38)

Experiment 2

Model WAIC (SE) pWAIC ∆WAIC (SE)

M0 21,572.25 (241.32) 943.93

M1 21,565.08 (241.40) 937.28 7.17 (6.44)

M2 21,576.37 (241.73) 939.61 -4.12 (7.19)

M3 21,557.76 (241.08) 939.42 14.49 (8.12)

Experiment 3

Model WAIC (SE) pWAIC ∆WAIC (SE)

M0 1,395.62 (17.90) 129.58

M1 1,654.21 (50.55) 168.20 -258.59 (48.24)

Notes. WAIC = Widely Applicable Information Cri-

terion, pWAIC = effective number of parameters. M0:

baseline model, M1: dj,n = 0, M2: dj,u = 0, M3: dj,o =

0.
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Appendix C
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Recovery Simulation Results

Table C1
Recovery Simulation Results for the Model
Parameters of all Experiments

Experiment 1

Parameter M SE Bias MAE RMSE ECR

Do = Dn .50 0.01 0.000 0.01 0.01 .95

dj,o .12 0.08 -0.007 0.07 0.08 .96

dj,n .04 0.02 -0.003 0.02 0.02 .99

dj,u .01 0.01 0.007 0.01 0.01 .98

dc = dr .35 0.07 -0.004 0.06 0.07 .97

b .44 0.01 0.000 0.01 0.01 .95

Experiment 2

Parameter M SE Bias MAE RMSE ECR

Do = Dn .48 0.01 0.000 0.00 0.01 .95

dj,o .14 0.04 -0.002 0.03 0.04 .95

dj,n .03 0.01 0.000 0.01 0.01 .96

dj,u .01 0.01 0.000 0.01 0.01 .98

dc .30 0.04 0.000 0.03 0.04 .95

dr .49 0.03 0.000 0.02 0.03 .95

b .41 0.01 0.000 0.00 0.01 .95

Experiment 3

Parameter M SE Bias MAE RMSE ECR

dj,n .09 0.02 0.00 0.01 0.02 .95

g .37 0.01 0.00 0.01 0.01 .95

Notes. Results across 10,000 replications. M = mean es-

timate, SE = standard error, MAE = mean absolute error,

RMSE = root mean square error, ECR = empirical coverage

rate
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