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Abstract  38 

 39 

The cognitive and neural structure of conceptual knowledge affects how concepts combine in 40 

language and thought. Examining the principles by which individual concepts (e.g., DIAMOND, 41 

BASEBALL) combine into more complex phrases (e.g., “baseball diamond”) can illuminate not 42 

only how the brain combines concepts but also the key ingredients of conceptual structure. Here 43 

we specifically tested the role of feature uncertainty in the modulation of conceptual brightness 44 

evoked by adjective-noun combinations (e.g., “dark diamond”) in male and female human 45 

subjects. We collected explicit ratings of conceptual brightness for 45 noun concepts and their 46 

“dark” and “light” combinations, resulting in a measure reflecting the degree of conceptual 47 

brightness modulation in each noun concept. Feature uncertainty was captured in an entropy 48 

measure, as well as in a predictive Bayesian model of feature modulation. We found that feature 49 

uncertainty (i.e., entropy) and the Bayesian model were both strong predictors of these 50 

behavioral effects. Using fMRI, we observed the neural responses evoked by the concepts and 51 

combinations in a priori regions of interest. Feature uncertainty predicted univariate responses in 52 

left inferior frontal gyrus (LIFG), and multivariate responses in LATL were predicted by degree 53 

of conceptual brightness modulation. These findings suggest that feature uncertainty is a key 54 

ingredient of conceptual structure, and inform cognitive neuroscience theories of conceptual 55 

combination by highlighting the role of LIFG and LATL in the process of flexible feature 56 

modulation during comprehension of complex language.  57 

 58 

 59 

 60 
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Significance Statement  61 

 62 

The meaning of a word depends on the words surrounding it. The challenge of understanding 63 

how flexible meaning emerges in language can be simplified by studying adjective-noun phrases. 64 

We tested whether the uncertainty of a feature (i.e., BRIGHTNESS) in a given noun concept (e.g., 65 

DIAMOND) influences how the adjective and noun concepts combine. We analyzed feature 66 

uncertainty using two probabilistic measures, and found that feature uncertainty predicted 67 

people’s explicit interpretations of adjective-noun phrases (e.g., “dark diamond”). Using fMRI, 68 

we found that combined concepts evoked responses in left inferior frontal gyrus and left anterior 69 

temporal lobe that related to our measures of feature modulation and uncertainty. These findings 70 

reveal the cognitive and neural processes supporting conceptual combination and complex 71 

language use. 72 

 73 
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 84 

1. Introduction 85 

 86 

Human language relies on a deep reservoir of conceptual knowledge. Words (e.g., 87 

“diamond”) refer to concepts (e.g., DIAMOND) that contain information relating to knowledge 88 

about things in the world (e.g., diamonds are bright, sparkly, and expensive). Most utterances 89 

comprise many words strung together, and one must combine the meanings of the underlying 90 

concepts in order to generate an appropriate interpretation. This is complicated because the 91 

meaning of a word is often influenced by the words surrounding it (Frege, 1884). That is, the 92 

information activated to represent a concept (e.g., DIAMOND) will be flexibly adjusted when the 93 

concept combines with other concepts in language (e.g., “dirty diamond”, “baseball diamond”). 94 

Here we use conceptual combination to explore (1) aspects of conceptual structure that enable 95 

flexible activation of conceptual features, focusing on feature uncertainty, and (2) the neural 96 

regions that are involved in flexible feature modulation in complex language use.  97 

The cognitive and neural representations of conceptual features are context-dependent (e.g., 98 

Halff et al., 1976; Yee & Thompson-Schill, 2016).  We hypothesized that the uncertainty of a 99 

conceptual feature (e.g., BRIGHTNESS) within a concept (e.g., DIAMOND) will influence the 100 

flexible activation of that feature when corresponding concepts combine (e.g., “dark diamond”). 101 

If a feature is present or absent in a concept with high certainty, activation of that feature might 102 

be less flexible in relevant verbal contexts—charcoal is almost always dark in color, so “light 103 

charcoal” might not induce much change in conceptual brightness. On the other hand, 104 

uncertainty in a conceptual feature allows this ambiguity to be resolved in combined concepts 105 

resulting in substantial feature change—the brightness of paint is very uncertain, so “light paint” 106 
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might induce a substantial change in conceptual brightness. We analyzed feature uncertainty 107 

using information theory’s measure of “entropy”, which reflects the uncertainty, or the 108 

informativity, of a signal (Shannon, 1948). In a behavioral experiment, we quantified the extent 109 

to which “dark” and “light” modifiers influenced the conceptual brightness of noun concepts, 110 

and found that feature uncertainty related to the flexible modulation of conceptual brightness.  111 

Another approach to testing theories of conceptual structure and combination is to embed 112 

theoretical assumptions in different computational models and see how well those models predict 113 

behavioral or neural responses to combined concepts (e.g., Mitchell & Lapata, 2008; 2010; 114 

Baroni & Zamparelli, 2010; Baron & Osherson, 2011). We therefore also embedded feature 115 

uncertainty in a predictive Bayesian model of feature composition. This Bayesian model 116 

outperformed more traditional models that do not incorporate feature uncertainty. Probabilistic 117 

models of language composition have been explored in prior work (Goodman & Frank, 2016; 118 

Lassiter & Goodman, 2013); here we extend these ideas to the analysis of feature-based semantic 119 

composition. 120 

We also aimed to characterize the neural regions involved in the flexible modulation of 121 

conceptual features in the “dark” and “light” adjective-noun phrases. Previous fMRI studies of 122 

conceptual knowledge and combination constrained our analyses to neural regions implicated in 123 

related cognitive processes. Left anterior temporal lobe (LATL) is consistently recruited in 124 

conceptual combination tasks (Bemis & Pylkkänen, 2011; 2012; 2013; Baron et al., 2010; Baron 125 

& Osherson, 2011; Boylan et al., 2017). Left angular gyrus (LAG) has also been widely 126 

implicated in conceptual combination (Bemis & Pylkkänen, 2012; Price et al., 2016; Boylan et 127 

al., 2015, 2017). Conceptual combination is similar to figurative language in that it involves the 128 

flexible selection and integration of conceptual features across concepts. Left inferior frontal 129 
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gyrus (LIFG) is heavily implicated in figurative language comprehension, and has revealed 130 

sensitivity to flexible feature selection (Solomon & Thompson-Schill, 2017) and changes in 131 

metaphor familiarity over time (Cardillo et al., 2012). We also examined responses in left 132 

fusiform gyrus (LFUS), which is involved in semantic retrieval of visual features in language 133 

tasks (e.g., Martin, 2015) and might therefore be recruited to represent conceptual brightness in 134 

combined concepts. Our fMRI study implicates LATL and LIFG in the flexible modulation of 135 

conceptual features during comprehension of adjective-noun combinations.  136 

 137 

 138 

2. Behavioral Methods 139 

 140 

2.1 Participants 141 

In the behavioral experiment, 357 participants (49% Female; Age M=39.8, SD=13.4) 142 

completed online surveys on Amazon Mechanical Turk (AMT) and were compensated according 143 

to standard rates. Participants were located within the United States. Consent was obtained for all 144 

participants in accordance with the University of Pennsylvania IRB. 145 

 146 

2.2 Adjective and noun stimuli 147 

We focused on the single dimension of conceptual brightness to enable a tightly-controlled 148 

analysis of how brightness information is modulated across verbal contexts. The adjectives 149 

“dark” and “light” were used to modulate the conceptual brightness of 45 noun concepts. These 150 

45 noun concepts covered the full range of brightness values (e.g., “diamond”, “snow”, “paint”, 151 

“shadow”, “charcoal”; Fig1B). A full list of noun stimuli is shown in Table 1.  152 
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Noun stimuli were normed for word length, frequency, and concreteness. Word frequency 153 

and concreteness data were extracted from Brysbaert et al. (2014); Spearman’s correlation was 154 

used to assess relationships between variables. A significant negative association was found 155 

between word length and frequency ( =-0.44, p=0.002, R2=19%); word concreteness was not 156 

associated with either word length (p>0.7) or word frequency (p>0.4).  157 

We also tested whether these variables correlated with our behavioral measures of interest 158 

(see below). While no significant relationships were found between noun brightness and word 159 

frequency ( =-0.24, p=0.12) or concreteness (p>0.3), we did observe a significant positive 160 

association between word length and the rated noun brightness ( =0.35, p=0.02, R2=12%). It 161 

should be noted that none of our behavioral predictions related to explicit noun brightness—in 162 

fact, our analyses were designed precisely to orthogonalize brightness modulation and noun 163 

brightness. However, we do control for word length when analyzing neural sensitivity to noun 164 

brightness in our fMRI data. Most importantly, no relationships were found between brightness 165 

entropy and word length (p>0.8), frequency (p>0.6), or concreteness (p>0.6), or between 166 

ground-truth modulation and word length (p>0.7), frequency (p>0.5), or concreteness (p>0.2).  167 

 168 

2.3 Experimental design 169 

One group of online participants (N=58) provided subjective ratings of brightness 170 

probability. Each of the 45 noun concepts were presented in a randomized order, and participants 171 

were asked “Is/are [noun] typically dark?” on a 5-point scale ranging from “This is always light” 172 

to “This is always dark.” Ratings were reliable across participants (Cronbach’s =0.82). 173 

Responses were averaged across participants and scaled between 0-1 to reflect brightness 174 
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Fig 1: Explicit measures of conceptual brightness. (A) Participants used a visual scale to indicate the 
brightness of nouns and adjective-noun combinations. (B)  We calculated the extent to which conceptual 
brightness was modulated across the 45 noun concepts. Distance from the central black line corresponds 
to increased modulation of conceptual brightness separately for the “dark” and “light” modifiers. The 
calculated ground-truth brightness modulation for each concept is the mean absolute distance between 
combination brightness and noun brightness across the two adjectives.  

probability (P) for each of the 45 noun concepts, in which values close to 0 indicate that a 175 

concept is likely light in color and values close to 1 indicate that a concept is likely dark in color. 176 

Another group of participants (N=100) rated the brightness of the unmodified noun concepts. 177 

For each of the 45 noun concepts, participants were asked to rate the darkness of each concept by 178 

sliding a bar corresponding to a visually-presented scale transitioning from white to black (e.g., 179 

“Rate the darkness of: PAINT”, Fig1A). The numerical values of the visual scale ranged from 0 180 

(white) to 50 (black) and were hidden to participants. Stimuli were presented in a randomized 181 

order. These brightness judgments were reliable (Cronbach’s =0.80) and were averaged across 182 

participants resulting in brightness values for each of the 45 unmodified nouns.  183 
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A final group of participants (N=199) rated the brightness of the adjective-noun 184 

combinations. Stimuli were split into two lists such that each participant saw each noun modified 185 

by either “dark” or “light”, and participants performed the same task described above (e.g., “Rate 186 

the darkness of: DARK PAINT”). Brightness judgments of the adjective-noun combinations were 187 

reliable within both stimulus lists (Cronbach’s =0.76, =0.86). Responses were averaged 188 

across participants resulting in brightness values for each of the 45 “dark” combinations and each 189 

of the 45 “light” combinations. These values were compared with the brightness values of the 190 

unmodified nouns to calculate the degree of brightness modulation caused by “dark” and “light” 191 

adjectives for each noun concept. We describe this method in more detail below.  192 

 193 

2.4 Behavioral measure of brightness uncertainty 194 

Information theory’s measure of entropy (Shannon, 1948) is a measure of uncertainty that 195 

can be calculated using probability values. Here we use entropy as a measure of feature 196 

uncertainty for a particular feature-noun pair. More specifically, we want to know the uncertainty 197 

of BRIGHTNESS in the 45 noun concepts, such as DIAMOND and PAINT. Given the brightness 198 

probability values described above, we defined brightness entropy (E) as:  199 

E = -PDARK ∙ log2(PDARK) + -PLIGHT ∙ log2(PLIGHT) 200 

where PLIGHT = 1–PDARK. This was our behavioral measure of brightness uncertainty. Entropy is 201 

symmetrical around P=0.5, where P=0 and P=1 indicate maximum lightness and darkness 202 

respectively; each concept was thus assigned a single entropy value that captured the concept’s 203 

brightness uncertainty on the light-dark spectrum (i.e., it makes no difference whether E is 204 

calculated based on PLIGHT or PDARK). We predicted that brightness uncertainty would positively 205 
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relate to the degree to which conceptual brightness is modulated across the 45 noun concepts 206 

when paired with “light” and “dark” adjectives.  207 

 208 

2.5 Ground-truth brightness modulation 209 

One reason why we used the single dimension of conceptual brightness, along with both 210 

“dark” and “light” modifiers, is because it allowed us to completely disentangle brightness 211 

uncertainty from brightness probability—while the combined light and dark probabilities are 212 

always identical across concepts (PDARK+PLIGHT=1), each concept has a unique entropy value 213 

that captures uncertainty within the brightness dimension. That is, brightness probability alone 214 

cannot predict any differences in brightness modulation when collapsed across “dark” and 215 

“light” adjectives, whereas brightness uncertainty does have the ability to predict variation in 216 

feature modulation across concepts. Thus, any relationship between brightness entropy and 217 

brightness modulation cannot be attributed to brightness probability in the noun concept.  218 

To derive this measure of brightness modulation, we first determined the extent to which 219 

“dark” and “light” adjectives separately modulated brightness in each of the 45 items by 220 

calculating the difference in brightness between each noun concept and its associated adjective-221 

noun combinations (Fig1B). For example, the diamond “dark” effect corresponds to the absolute 222 

difference between the brightness values of “diamond” and “dark diamond”, and the diamond 223 

“light” effect corresponds to the absolute difference between the brightness values of “diamond” 224 

and “light diamond”. The mean of these “dark” and “light” effects for each noun reflects the 225 

extent to which brightness can be modulated within a concept across language contexts. We refer 226 

to this measure as ground-truth brightness modulation.    227 

 228 
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Fig 2: Brightness uncertainty predicts ground-truth brightness modulation in combined concepts. 
Brightness uncertainty was captured using entropy (E), based on the brightness probability of each noun 
concept. Brightness uncertainty positively predicted ground-truth brightness modulation ( =0.70, 
p<0.001). Concepts characterized by low brightness uncertainty (e.g., CHARCOAL) did not show large 
changes in brightness in “dark” and “light” combinations. Concepts with high brightness uncertainty 
(e.g., PAINT) showed large changes in brightness when modified by the same adjectives.   

 231 

3. Behavioral Results 232 

 233 

3.1 Feature uncertainty predicts ground-truth modulation 234 

We used entropy to derive a measure of feature uncertainty, which specifically captured the 235 

uncertainty of conceptual brightness within each of our 45 noun concepts. We predicted that 236 

brightness uncertainty would positively predict the extent to which a concept’s conceptual 237 

brightness could be modulated by related adjectives (i.e., “dark” and “light”). Consistent with 238 

this prediction, we observed a strong positive relationship between brightness uncertainty and 239 
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ground-truth brightness modulation ( =0.66, p<0.0001, R2=44%), a result which supports the 240 

hypothesis that feature uncertainty is an aspect of conceptual structure that may influence 241 

processes of conceptual combination (Fig. 2). 242 

 243 

3.2 Observed relationship is not due to edge effects 244 

Another reason why we combined across “dark” and “light” when analyzing ground-truth 245 

modulation was to reduce the influence of edge effects. By collapsing across “dark” and “light” 246 

modifiers, each concept has the same maximum potential movement on the brightness scale (i.e., 247 

50 brightness units). When only one adjective is analyzed, some concepts have more of an 248 

opportunity to change than others due to the brightness of the unmodified nouns. For example, 249 

the darkness of CHARCOAL (BNOUN=43) can only increase by 7 units when the “dark” modifier is 250 

used, whereas the darkness of SNOW (BNOUN=3) can potentially increase by 47 units. Collapsing 251 

across “dark” and “light” thus eliminates this particular concern.  252 

However, to further confirm that the observed relationship between brightness uncertainty 253 

and modulation was not driven by noun concepts on the extreme edges of the bounded brightness 254 

scale, we removed the 15 darkest and 15 lightest noun concepts and ran the same correlation 255 

with the remaining 15 concepts. A positive relationship between brightness uncertainty and 256 

ground-truth modulation remained ( =0.78, p=0.0006, R2=61%). In fact, this relationship still 257 

held when only the 9 middle-brightness noun concepts (GREY, CAR, ROCK, MARBLE, FUR, 258 

SLIPPERS, PAINT, SILVER, COCONUT) were analyzed ( =0.74, p=0.03, R2=55%). These additional 259 

analyses support our claim that the relationship between feature uncertainty and feature 260 

modulation is not merely due to edge effects but does reflect something meaningful about how 261 

concepts are combined.  262 
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4. Modeling Methods 263 

 264 

4.1 Predictive models of adjective-noun combination 265 

To further understand how conceptual features are modulated in combined concepts, we 266 

created a set of predictive models that made different predictions about how concepts combine.  267 

Each model generates predictions reflecting the conceptual brightness of the adjective-noun 268 

combinations (BCOMBO) based on the conceptual brightness of the adjective (BADJ) and noun 269 

(BNOUN)—we tested the accuracy of these BCOMBO predictions in the analyses below. First, we 270 

tested an adjective model and a noun model, which provided baseline accuracy measures. Next 271 

we tested an additive model that made BCOMBO predictions based on a weighted sum of the 272 

adjective and noun brightness representations, and a multiplicative model that made BCOMBO 273 

predictions based on the product of BNOUN and a scaling parameter. Finally, we tested a Bayesian 274 

model that made BCOMBO predictions based on the product of adjective and noun brightness 275 

distributions—the Bayesian model was the only model that incorporated feature uncertainty.  276 

 277 

4.2 Baseline models 278 

The adjective- and noun-models are non-combinatorial and can therefore generate baseline 279 

predictions that the more interesting combinatorial models should outperform. A similar 280 

approach is found in distributional or vector-based semantics (e.g., Mitchell & Lapata, 2008; 281 

2010; Chang et al., 2009). In the adjective model, the predicted brightness of the combined 282 

concept (e.g., “dark diamond”) is identical to the brightness of the adjective (e.g., “dark”): 283 

BCOMBO = BADJ 284 
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where BADJ corresponds to either extreme end of the scale (BDARK=50; BLIGHT=0). When only one 285 

adjective is analyzed, the additive model does not predict differences in BCOMBO across the 45 286 

nouns (Fig. 4B) but does predict differences in BCHANGE due to variation in BNOUN. Importantly, 287 

however, this model does not predict any BCHANGE variation across concepts when adjective 288 

effects are combined.  289 

The second baseline model was a non-combinatorial noun model, in which the predicted 290 

brightness of the combined concept is identical to the brightness of the unmodified noun:  291 

BCOMBO = BNOUN 292 

The noun model predicts differences in BCOMBO across items (Fig. 4C). It does not predict any 293 

variance in BCHANGE in the “dark” and “light” combinations separately, nor when averaged 294 

together. Thus, like the adjective model, the noun model is also unable to capture variability in 295 

the extent to which brightness can be modulated across the 45 noun concepts.  296 

 297 

4.3 Additive model 298 

We constructed a combinatorial additive model in which the predicted brightness of a 299 

combined concept is a weighted sum of BADJ and BNOUN. This model has been proposed as a 300 

candidate combinatorial mechanism in both cognitive (e.g., Smith et al., 1988) and 301 

computational models of distributional semantics (e.g., Mitchell & Lapata, 2010). The general 302 

form is:  303 

BCOMBO = BNOUN + W∙BADJ 304 

where W is a weight that scales BADJ. In our case, BADJ represents the extreme brightness values 305 

(BDARK=50; BLIGHT=0). Our implementation of the additive model makes separate predictions for 306 

“dark” and “light” combinations: 307 



 

 16 

BCOMBO-DARK = BNOUN + W∙BDARK 308 

BCOMBO-LIGHT = BNOUN - W∙BDARK 309 

We optimized W between 0≤W≤1 (intervals of 0.01), separately for “dark” and “light” 310 

combinations (Fig. 3D). This resulted in a value of WDARK (0.35) that minimized the mean 311 

squared error (MSE) of BCOMBO-DARK predictions relative to the explicit dark-combo brightness 312 

values, and a value of WLIGHT (0.33) that similarly minimized the mean squared error (MSE) of 313 

Fig 3: Predictive combinatorial models. (A) In our Bayesian model, conceptual brightness was 
represented as a probability distribution over brightness values for each noun concept. Greater values on 
the x-axis correspond to increased conceptual darkness. Each distribution is defined by a mean and 
sigma, derived from our behavioral task (see Fig. 1). We defined the means of the “dark” and “light” 
distributions as the extreme ends of the brightness scale, and optimized for sigma. (B-C) Different 
“dark”  values result in different BCOMBO predictions for “dark diamond”, and our goal was to find the 
sigma that generated the most accurate predictions of BCOMBO across the 45 noun concepts. (D) In the 
additive model, we optimized the adjective-weight for “dark” (W=0.35) and “light” (W=0.33) 
separately. (E) In the multiplicative model, we optimized the parameter that scaled the noun concept for 
“dark” (M=2.74) and “light” (M=2.00) separately. (F) In the Bayesian model, we optimized the standard 
deviation of the “dark” (  = 8.42) and “light” (  = 10.27) distributions separately. We averaged the 
“dark” and “light” parameters within each model to analyze fMRI data. 
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BCOMBO-LIGHT predictions. We used these optimized parameters to generate BCOMBO and BCHANGE 314 

predictions for each concept. The additive model’s BCOMBO predictions are shown in Fig. 4D.  315 

 316 

4.4 Multiplicative model 317 

We also constructed a combinatorial multiplicative model in which the predicted brightness 318 

of a combined concept is a product of BNOUN and a scaling parameter that reflects the influence 319 

of the adjective. This model is interpreted as an integrative model in computational models of 320 

distributional semantics (e.g., Mitchell & Lapata, 2010; Chang et al., 2009). The general form is:  321 

BCOMBO = BNOUN ∙ SADJ 322 

where S is a parameter that determines the influence of “dark” and “light” modifiers on each 323 

noun concept. We optimized S between 0≤S≤5 (intervals of 0.01), separately for “dark” and 324 

“light” combinations (Fig. 3E). This resulted in a value of SDARK (2.74) that minimized the mean 325 

squared error (MSE) of BCOMBO-DARK predictions relative to the explicit dark-combo brightness 326 

values, and a value of SLIGHT (2.0) that similarly minimized the mean squared error (MSE) of 327 

BCOMBO-LIGHT predictions. Once the S parameter was optimized for each adjective, we used that 328 

parameter to generate BCOMBO and BCHANGE predictions for each concept. The multiplicative 329 

model’s BCOMBO predictions are shown in Fig. 4E.  330 

 331 

4.5 Bayesian model 332 

We previously described how feature uncertainty can be reflected in an entropy measure, but 333 

feature uncertainty can also be embedded in probabilistic feature models. We thus constructed a 334 

combinatorial Bayesian model of adjective-noun combinations that incorporated brightness 335 

uncertainty. Brightness representations for adjective and noun concepts were captured in 336 
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probability distributions over brightness values, in which the peak of the distribution reflects the 337 

mean brightness of the concept, and the variance of the distribution reflects brightness 338 

uncertainty (Fig. 3A). A narrow brightness distribution indicates more certainty in the concept’s 339 

brightness, and a wide brightness distribution indicates more uncertainty. In our Bayesian model, 340 

the predicted brightness of a combined concept is a function of the product of the constituent 341 

concepts’ brightness distributions. If the brightness probability distributions for adjectives (PADJ) 342 

and nouns (PNOUN) are gaussian distributions defined by a mean ( ) and standard deviation ( ), 343 

then a Bayesian BCOMBO prediction is the maximum a posteriori (MAP) estimate of the product 344 

of these distributions: 345 

BCOMBO = arg max f {PADJ ( , ) ∙ PNOUN ( , )} 346 

We derived the 45 PNOUN distributions (e.g., for DIAMOND, PAINT, CHARCOAL) by fitting gaussian 347 

distributions to histograms reflecting the frequency of responses in the explicit brightness 348 

judgment task. We do not have data corresponding to the PADJ distributions; for simplicity, we 349 

assumed that PDARK =50 and PLIGHT =0. We optimized separately for PDARK  and PLIGHT  350 

(0≤ ≤50; intervals of 0.01). Two example PDARK distributions with PDARK =8 and PDARK 351 

=15 are shown in Fig.2B-C.  This procedure resulted in values for PDARK  (8.42) and PLIGHT  352 

(10.27) that minimized the MSE of BCOMBO predictions relative to the explicit BCOMBO values 353 

(Fig. 3F). Once the PADJ  parameter was optimized for each adjective, we used that parameter to 354 

generate BCOMBO and BCHANGE predictions for each concept. This enabled us to compare the 355 

relative accuracy of the additive and Bayesian models, thereby determining whether the 356 

inclusion of feature uncertainty in a combinatorial model improves predictions of feature 357 

modulation. The Bayesian model’s BCOMBO predictions are shown in Fig. 4F.  358 

 359 
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Fig 4: Bayesian combinatorial model best predicts brightness of combined concepts.  (A) We 
compared the BCOMBO predictions of our five model against ground-truth BCOMBO data. The y-axis reflects 
the Mean Squared Error (MSE) of the model predictions; lower values indicate better performance. The 
Bayesian model outperformed both the additive model (t(44)=2.93, p=0.005), and multiplicative model 
(t(44)=7.14, p<0.001), providing further evidence that feature uncertainty is relevant for conceptual 
combination. Error bars reflect standard error of the mean. (B-F) BCOMBO predictions of the 45 “dark” 
(dark purple) and 45 “light” (light purple) combinations for the adjective, noun, additive, multiplicative, 
and Bayesian models. Black dots represent the same ground-truth BCOMBO values presented in Fig. 1B.  

 360 

5. Modeling Results 361 

 362 

5.1 Bayesian model best predicts brightness of combinations 363 

We tested the success of each of our models (i.e., adjective, noun, additive, multiplicative, 364 

Bayesian) at predicting the brightness of combined concepts (i.e., BCOMBO). The predictions of 365 

each model are shown in Fig. 4D-F. For each model, we calculated the mean squared error 366 

(MSE) for each of the 90 combinations, averaged across “dark” and “light” modifiers for each 367 
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item, and then averaged across items to calculate the overall error for each model (Fig. 4A). As 368 

expected, the adjective model (MSE=258.6) and noun model (MSE=207.3) performed poorly 369 

relative to the combinatorial models. Restricting our analyses to the combinatorial models, a one-370 

way anova confirmed that overall MSE differed across the additive, multiplicative, and Bayesian 371 

models (F(2,132)=23.06, p<0.001). Pairwise comparisons revealed that the multiplicative model 372 

performed worse than both the additive model (t(44)=5.59, p<0.001) and the Bayesian model 373 

(t(44)=7.14, p<0.001). Most interestingly, the Bayesian model also significantly outperformed 374 

the additive model (t(44)=2.93, p=0.005). The Bayesian model therefore made the most accurate 375 

predictions regarding the ground-truth conceptual brightness of adjective-noun combinations. 376 

The Bayesian model still outperformed the additive (t(44)=2.29, p=0.027) and multiplicative 377 

(t(44)=7.65, p<0.001) models when the optimized “dark” and “light” parameters were averaged 378 

within each model. This finding that the Bayesian combinatorial model—which incorporates 379 

feature uncertainty—outperformed the other combinatorial models further suggests that feature 380 

uncertainty contributes to feature modulation in conceptual combination.  381 

 382 

 383 

6. fMRI Methods 384 

 385 

6.1 Participants 386 

Twenty-four participants (67% female; Age M=25.6, SD=10.2) from the University of 387 

Pennsylvania community completed the fMRI study and were compensated $20/hour for their 388 

time. All fMRI participants were right-handed, fluent speakers of English with no self-reported 389 
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neurological disorders or damage. Consent was obtained for all participants in accordance with 390 

the University of Pennsylvania IRB. 391 

 392 

6.2 Experimental design 393 

The fMRI study comprised six scanning runs; participants viewed the 45 unmodified noun 394 

concepts in the first two scans and the 90 adjective-noun combinations in the final four scans. 395 

Participants completed two tasks simultaneously: a conceptual color detection task (“color task”) 396 

and a fixation size-change detection task (“fixation task”).  397 

In the unmodified noun scans (1-2), items were presented in an event-related design with 2s 398 

stimulus presentation and a fixation ISI of 2-8s. In the color task, participants were asked to press 399 

a button on a hand-held response box when an item referred to a cued color; the color cue (i.e., 400 

red or green) was presented before each block of trials. We thus interspersed filler items 401 

throughout each scan that were either typically red (e.g., “strawberry”, “ruby”), or typically 402 

green (e.g., “lettuce”, “frog”). This task was chosen to encourage visual imagery of the items 403 

without explicitly asking participants to think about conceptual brightness. Each run comprised 404 

one block of red-cued trials and one block of green-cued trials; the order of red/green blocks was 405 

pseudorandomized across runs. Each of the 45 target noun concepts was presented once per scan 406 

in a pseudorandomized order and was seen once in a red block and once in a green block across 407 

the experiment. To increase engagement with the stimuli, we included an additional fixation task 408 

in which participants were asked to press a different button on the response box when the 409 

fixation cross presented between the noun stimuli briefly changed in size, which happened at 410 

random intervals 8 times per scan (4 per block).  411 
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In the combined concept runs (3-6), participants completed the same color task and fixation 412 

task described above. The fillers in the color task were combined concepts that are typically red 413 

(e.g., “dark blood”, “stop sign”) or green (e.g., “light moss”, “football field”). We included fillers 414 

that did not include “dark” and “light” modifiers in order to encourage participants to process the 415 

full combined phrases rather than focus on the final word alone. Each of the 45 noun concepts 416 

appeared (modified by “dark” or “light”) once per scan, resulting in two presentations of each 417 

specific combination across the experiment. Each combination (e.g., “dark diamond”) was seen 418 

once in a red block and once in a green block.  419 

 420 

6.3 fMRI acquisition and analysis 421 

fMRI data were collected on a 3-T Siemens Trio System equipped with a 64-channel array 422 

head coil. Structural data included axial T1-weighted localizer images with 160 slices and 1mm 423 

isotropic voxels (TR = 1850 ms, TE = 3.91 ms, TI = 1100 ms, FOV = 240 mm, Flip Angle = 8°). 424 

Functional data included six acquisitions of echo-planar FMRI using a multiband sequence 425 

performed in 78 axial slices and 2 mm isotropic voxels (TR = 2000 ms, TE = 30 ms, FOV = 192 426 

mm, Flip Angle = 75°).  427 

Data were pre-processed and analyzed using FSL. Pre-processing included motion-correction 428 

using MCFLIRT, spatial smoothing with a Gaussian kernel of FWHM 5 mm, and high-pass 429 

temporal filtering. Motion outliers were modeled as covariates of no interest. All scans were 430 

analyzed with a GLM including item-level regressors modeling the individual TRs for each 431 

concept or combination contrasted against the fixation baseline. We added regressors for TRs in 432 

which filler items or instructions were presented, TRs in which the fixation cross changed size, 433 

and TRs in which participants made a response on the button box. These data were averaged 434 
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across scans, resulting in whole-brain beta maps for the 45 unmodified noun concepts, 45 dark-435 

combinations, and 45 light-combinations for each participant. Individual subjects’ data were 436 

transformed to MNI standard space using FLIRT linear regression in FSL, with a final isotropic 437 

voxel resolution of 2 mm. We excluded time-points in which participants incorrectly responded 438 

to an experimental item from all subsequent analyses.  439 

 440 

6.4 Defining a priori ROIs  441 

We analyzed neural responses to combined concepts within a priori regions of interest 442 

(ROIs). We selected four neural regions based on their association with theoretically relevant 443 

aspects of language comprehension and conceptual knowledge: left fusiform gyrus (LFUS), left 444 

angular gyrus (LAG), left anterior temporal lobe (LATL), and left inferior frontal gyrus (LIFG). 445 

Each of these regions has been implicated in a cognitive process that could contribute to 446 

conceptual feature modulation in comprehension of combined concepts; instead of running 447 

multiple functional localizers, we referred to previous fMRI studies that report the peak voxel 448 

from an analysis that targeted one of these cognitive processes of interest (Fig. 5). Each of these 449 

spherical ROIs comprised 123 voxels, although we also report results of analyses performed in 450 

smaller and larger ROIs to confirm the robustness of our findings.  451 

The representation of a conceptual feature that has been modulated by or integrated within a 452 

combined concept could take place in the same neural region(s) that represent the conceptual 453 

feature in single concepts. While primary visual cortex is recruited for color and brightness 454 

perception (e.g., Rossi et al., 1996; Shapley & Hawken, 2011), LFUS is involved in semantic 455 

retrieval of color and other visual features in language tasks (e.g., Thompson-Schill et al., 1999; 456 

Hsu et al., 2011; Martin, 2015). Specifically, Hsu et al. (2011) observed increased activation in 457 
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LFUS when the task required more detailed or specific color knowledge. Hypothesizing that this 458 

context-dependent activation of color information might correspond with context-dependent 459 

feature modulation in combined concepts, we drew our LFUS ROI around the peak voxel in the 460 

analysis reported by Hsu et al. (2011).  461 

LAG has been widely implicated in studies of conceptual combination (Bemis & Pylkkänen, 462 

2012; Price et al., 2015, 2016; Boylan et al., 2015, 2017). Specifically, Price et al. (2015) 463 

observed increased activation in LAG for adjective-noun combinations that were more plausible 464 

(e.g., “plaid jacket” vs. “fast blueberry”). Hypothesizing that this adjective-noun comprehension 465 

might correspond with feature modulation in our adjective-noun combinations, we drew our 466 

LAG ROI around the peak voxel reported by Price et al. (2015).  467 

LATL has also been heavily implicated in conceptual combination (Bemis & Pylkkänen, 468 

2011; 2012; 2013; Westerlund et al., 2015; Baron et al., 2010; Baron & Osherson, 2011; Boylan 469 

Fig 5: A priori neural regions of interest (ROIs).  We analyzed responses in four ROIs; each 123-voxel 
spherical ROI was drawn around the peak voxel reported in a prior study. The left inferior frontal gyrus 
(LIFG) ROI (blue) was centered at MNI coordinates x=-54, y=24, z=10 based on an analysis of metaphor 
processing (Cardillo et al., 2012). The left anterior temporal lobe (LATL) ROI (green) was centered at x=-
40, y=16, z=-32 based on a multivoxel analysis of combined concepts (Baron & Osherson, 2011). The left 
angular gyrus (LAG) ROI (orange) was centered at x=-52, y=-56, z=22 based on an analysis of adjective-
noun combinations (Price et al., 2015). The left fusiform gyrus (LFUS) ROI (yellow) was centered at x=-
38, y=-47, z=-14 based on an analysis of task-dependent color processing (Hsu et al., 2012). (A) Left 
lateral view and (B) ventral view, projected onto a cortical surface in MNI space.  
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et al., 2017). Specifically, Baron & Osherson (2011) observed that the multivoxel fMRI patterns 470 

evoked by combined concepts in LATL could be predicted by multiplicative and additive 471 

combinations of the patterns evoked by the constituent concepts. Hypothesizing that the 472 

integration of simple concepts in LATL might reflect the modulation of conceptual features, we 473 

drew our LATL ROI around the peak voxel reported by Baron et al. (2011). Note that this ROI 474 

was less ventral, and/or more anterior, than the ATL sites considered by Lambon Ralph and 475 

colleagues to be a “semantic hub” (e.g., Pobric et al., 2007; Lambon Ralph et al., 2009; Visser & 476 

Lambon Ralph, 2011)—our fMRI sequence was not optimized to account for the reduced field-477 

of-view and signal quality to which these ventral ATL regions are susceptible (Visser et al., 478 

2010). 479 

LIFG has not yet been implicated in conceptual combination, but is known to support related 480 

cognitive processes such as semantic selection (Thompson-Schill et al., 1997, 1999) and 481 

figurative language comprehension (Cardillo et al, 2012; Bambini et al., 2011; Eviatar & Just, 482 

2006; Lee & Dapretto, 2006; Rapp et al., 2004, 2007; Stringaris et al., 2007); we have previously 483 

reported LIFG sensitivity to the selection of conceptual features during metaphor processing 484 

(Solomon & Thompson-Schill, 2017). Conceptual combination is very similar to figurative 485 

language in that it involves the flexible selection and integration of conceptual features across 486 

concepts (Wisniewski, 1997; Estes & Gernsbacher, 2000; Coutanche et al., 2019). Cardillo et al. 487 

(2012) observed that LIFG activation was tuned by metaphor familiarity, suggesting that LIFG is 488 

recruited during metaphor processing when it requires integrating constituent concepts on-the-489 

fly. Hypothesizing that metaphor-related integration in LIFG might relate to modulation of 490 

conceptual features, we drew our LIFG ROI around the peak voxel reported by Cardillo et al. 491 

(2012).  492 
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 493 

 494 

6.5 Univariate fMRI modulation 495 

We calculated a measure of univariate neural modulation (“univariate effects”) that captured 496 

the extent to which neural responses to the 45 noun concepts were modulated by “dark” and 497 

“light” adjectives. This measure is the neural analog of the ground truth modulation measure 498 

described in Section 2.5. For each participant, the voxel responses to each of the 45 noun 499 

concepts were averaged across scans and then averaged within each ROI, resulting in one 500 

univariate response for each of the 45 nouns. These values were z-scored for each subject, such 501 

that the mean univariate response across all items in each ROI was set to 0 for each participant. 502 

These standardized responses to the 45 items were averaged across subjects, resulting in a 503 

univariate response to each of the 45 noun concepts. Identical methods were used to capture 504 

univariate responses to the 90 combinations, resulting in standardized activation values for the 505 

unmodified noun, dark-combination, and light-combination for each of the 45 items. 506 

For each item, the univariate “dark” effect was the absolute value of the difference between 507 

the dark-combination (e.g., “dark diamond”) and the noun (e.g.., “diamond”); the univariate 508 

“light’ effect was the absolute value of the difference between the light-combination (e.g., “light 509 

diamond”) and the noun (e.g., “diamond”). These values were averaged to result in the univariate 510 

effect for each item, reflecting the extent to which neural responses to noun concepts are 511 

modulated by adjective-noun combinations. Note that we discard the direction of change in fMRI 512 

analyses because there is no a priori reason why an increase in conceptual darkness would result 513 

in either an increase or decrease in neural response, and this directionality could potentially 514 

differ across ROIs. Furthermore, there is no reason to assume that these neural modulations 515 
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reflect changes in representational brightness per se as opposed to processes involved in 516 

adjusting representations elsewhere in the brain. 517 

We calculated the significance of relationships between our measures of interest and 518 

univariate effects in each ROI using Spearman’s correlation and permutation testing. In each 519 

permutation analysis, we ran 10,000 permutations in which items were shuffled before 520 

correlating the behavioral and univariate measures, thereby generating a null distribution of 521 

correlation values. In all cases we predicted positive relationships between behavioral and neural 522 

effects, and we considered negative relationships to be uninterpretable (e.g., increased 523 

conceptual change corresponding with decreased change in neural response). We thus assessed 524 

significance in a one-tailed design, such that the uncorrected significance threshold was the 95th 525 

percentile of permuted correlation values ( =0.05). To correct for multiple comparisons across 526 

the four ROIs, the significance threshold was adjusted to the 98.75th percentile ( =0.0125).  527 

  528 

6.6 Multivariate fMRI modulation 529 

We also calculated a measure of multivariate neural modulation (“multivariate effects”) that 530 

captured the extent to which multivoxel patterns corresponding to the 45 noun concepts were 531 

modulated by “dark” and “light” adjectives. Instead of averaging activity within each ROI, we 532 

analyzed the multivoxel pattern (MVP) across the 123 voxels. We calculated the Spearman’s 533 

distance between MVPs evoked by the noun (e.g., “diamond”) and dark-combination (e.g., “dark 534 

diamond”), as well as the distance between MVPs evoked by the noun and the light-combination 535 

(e.g., “light diamond”), for each of the 45 items and separately for each subject. This distance 536 

measure corresponded to 1- , such that the distance values ranged from 0 (patterns are identical) 537 

to 2 (patterns are maximally different). These dark- and light-distance values were averaged 538 
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across subjects, resulting in a multivariate dark- and light-effect for each item. These dark- and 539 

light-effects were summed for each noun concept, resulting in an overall multivariate effect for 540 

each of the 45 noun concepts. This measure captured the extent to which patterns of neural 541 

activity were modulated by the combined concepts in each of the ROIs.  542 

 543 

6.7 Using combinatorial models to predict neural responses to combined concepts 544 

In our analysis of univariate and multivariate fMRI data, we simplified the combinatorial 545 

models by averaging the optimized “dark” and “light” parameter estimates within each model. 546 

That is, for the additive model we averaged the weight parameter W for “dark” and “light” and 547 

used the resulting W to generate BCHANGE predictions for each combination. We similarly 548 

averaged the “dark” and “light” scaling parameters S for the multiplicative model, and the “dark” 549 

and “light” uncertainty parameters  for the Bayesian model. 550 

The dark- and light- BCHANGE predictions were averaged for each noun concept such that 551 

these BCHANGE values were analogous to the ground truth modulation measure. Averaging across 552 

modifiers is important because it enables us to interpret the BCHANGE predictions as 553 

combinatorial—non-combinatorial models (i.e., the adjective and noun models) do not predict 554 

any differences in BCHANGE across nouns when collapsing across “dark” and “light” 555 

combinations. Thus, the ability of these BCHANGE measures to predict neural activity can be taken 556 

to reflect a combinatorial process, rather than a non-combinatorial process that may nevertheless 557 

influence neural responses (e.g., feature saturation effects).  558 

 559 

6.8 Sensitivity to conceptual brightness 560 
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We sought to determine whether any of the ROIs were sensitive to conceptual brightness in 561 

the unmodified noun concepts. In a univariate analysis, we used a regression analysis to 562 

determine whether explicit brightness ratings could predict mean univariate responses to the 45 563 

noun concepts when controlling for word length. Because there was no a priori hypothesis for the 564 

directionality between mean neural activity and conceptual brightness, we used a two-sided 565 

regression analysis in a permutation test similar to that described above. We implemented this by 566 

testing for both a positive ( =0.025) and negative ( =0.025) relationship. However, to control 567 

for multiple ROI comparisons the significance threshold was further reduced to assess both 568 

positive and negative correlations ( =0.006). 569 

In a multivariate analysis, we compared neural similarity spaces in each ROI to a brightness 570 

similarity model derived from the explicit brightness data. This brightness similarity model 571 

corresponded to a 45 x 45 matrix in which each cell corresponds to a pair of noun concepts. For 572 

each pair of concepts i and j, the value at matrix location (i,j) is the absolute difference of the 573 

brightness ratings of i and j. Identical methods were used to generate a word-length similarity 574 

matrix. The corresponding ROI similarity matrices were constructed by, for each subject, 575 

correlating the 123-voxel pattern evoked by each of the 45 unmodified concepts with each other; 576 

the resulting subject-specific similarity matrices were averaged into a concept similarity space 577 

for each ROI, and the diagonal and redundant similarity values (j,i) were removed. Because we 578 

were testing whether concepts with similar brightness values would evoke similar neural 579 

patterns, we used a one-sided positive regression in a permutation analysis to determine whether 580 

brightness of the noun concepts was reflected in patterns of neural activity in any of the ROIs, 581 

when controlling for similarity in word length ( =0.0125).    582 

 583 
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 584 

 585 

 586 

7. fMRI Results 587 

 588 

7.1 Univariate neural modulation  589 

We determined whether our behavioral measures of interest (i.e., brightness uncertainty, 590 

ground truth modulation) predicted univariate modulation evoked by combined concepts in our 591 

ROIs. No significant positive relationships were observed between LFUS univariate modulation 592 

and either brightness uncertainty or ground truth modulation (p’s>0.9). Similarly, no positive 593 

relationships with these measures were observed in LAG (p’s>0.8) or LATL (p’s>0.2).  594 

However, we observed a positive relationship between brightness uncertainty and univariate 595 

modulation in LIFG ( =0.38, R2=14%), and permutation testing revealed this was significant 596 

while correcting for multiple comparisons (p=0.005; =0.0125; Fig. 6A). This significant 597 

relationship held when the analysis was performed in smaller or larger ROIs (33 voxels: 598 

p=0.012, 81 voxels: p=0.004, 123 voxels: p=0.005, 179 voxels: p=0.009, 257 voxels: p=0.017). 599 

We also observed a positive relationship between univariate modulation in LIFG and ground 600 

truth modulation ( =0.33, R2=11%), though this was not significant after controlling for multiple 601 

comparisons (p=0.013; =0.0125). This result was consistent across a range of ROI sizes (81 602 

voxels: p=0.024, 179 voxels: p=0.015, 257 voxels: p=0.017). These results reveal LIFG 603 

sensitivity to behavioral measures of feature modulation, specifically feature uncertainty.  604 

We also examined whether univariate modulation in our ROIs could be predicted by either 605 

the additive, multiplicative, or Bayesian models. All of these models are combinatorial, but the 606 
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Fig 6: fMRI results.  Sensitivity to our combinatorial measures of interest were found in LIFG and 
LATL. (A) Brightness uncertainty predicted univariate modulation in LIFG during comprehension of 
combined concepts ( =0.38; p=0.004; =0.0125). Significance of Spearman’s correlation was assessed in 
a permutation analysis (bottom). The blue histogram reflects the permuted null distribution, the dashed 
line reflects the significance threshold  =0.0125; the vertical blue line is the true correlation value, 
which exceeded the threshold. (B) Ground-truth brightness modulation predicted multivariate modulation 
in LATL during comprehension of combined concepts ( =0.37; p=0.006; =0.0125). Significance was 
assessed in a permutation analysis (bottom). 

Bayesian model incorporates feature uncertainty whereas the other models do not. Univariate 607 

modulation did not positively correlate with additive model BCHANGE in LFUS (p>0.7), LAG 608 

(p>0.9), or LATL (p=0.17). However, univariate modulation in LIFG revealed a significant, 609 

positive relationship with the additive model’s BCHANGE predictions ( =0.36; R2=13%; p=0.008; 610 

=0.0125); this result was consistent across a range of ROI sizes (33 voxels: p=0.036, 81 voxels: 611 



 

 32 

p=0.016, 123 voxels: p=0.008, 179 voxels: p=0.011, 257 voxels: p=0.019). Similar results were 612 

observed for the multiplicative model, in which BCHANGE predictions did not correlate with 613 

univariate modulation in LFUS (p>0.7), LAG (p>0.9), or LATL (p=0.19) but did correlate with 614 

univariate modulation in LIFG ( =0.34; R2=12%; p=0.011; =0.0125). As for the Bayesian 615 

model, BCHANGE predictions did not positively correspond with univariate modulation in either 616 

LFUS (p>0.8) or LAG (p>0.4). However, we did observe evidence suggesting a positive 617 

relationship between Bayesian BCHANGE predictions and univariate modulation in LIFG ( =0.29; 618 

R2=8%; p=0.027; =0.0125) and LATL ( =0.29; R2=8%; p=0.026; =0.0125). Though these 619 

results were not significant after controlling for multiple comparisons, they were robust across a 620 

range of ROI sizes in both LIFG (123 voxels: p=0.027, 179 voxels: p=0.022, 257 voxels: 621 

p=0.016) and LATL (81 voxels: p=0.03, 123 voxels: p=0.03, 179 voxels: p=0.021, 257 voxels: 622 

p=0.034). These results strongly suggest that univariate responses to combined concepts in LIFG 623 

reflect a combinatorial process, whether or not this process incorporates feature uncertainty. 624 

These results also suggest that univariate responses in LATL may reflect a combinatorial 625 

process.  626 

 627 

7.2 Multivariate neural modulation  628 

We then determined whether our behavioral measures of interest (i.e., brightness uncertainty, 629 

ground truth modulation) predicted multivariate modulation evoked by combined concepts in our 630 

ROIs. Multivariate modulation reflects the extent to which multivoxel patterns evoked by the 631 

noun concepts were influenced by the “dark” and “light” adjectives. No significant positive 632 

relationships were observed between LFUS univariate modulation and either brightness 633 

uncertainty or ground truth modulation (p’s>0.2). Similarly, univariate modulation in LAG did 634 
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not reveal a significant positive relationship with either brightness uncertainty (p>0.9) or ground 635 

truth modulation ( =0.24; R2=6%; p=0.059; =0.0125). In contrast with the univariate analyses 636 

above, we did not observe significant relationships between multivariate modulation in LIFG and 637 

brightness uncertainty (p>0.3) or ground truth modulation (p>0.2). 638 

In LATL, multivariate modulation was not predicted by brightness uncertainty (p=0.17). 639 

However, we observed a positive relationship between ground truth modulation and LATL 640 

multivariate modulation ( =0.37; R2=14%; p=0.006; =0.0125; Fig. 6B); this result was robust 641 

across a range of ROI sizes (33 voxels: p=0.021, 81 voxels: p=0.008, 123 voxels: p=0.006, 179 642 

voxels: p=0.007, 257 voxels: p=0.012). Thus, ground truth behavioral modulation of conceptual 643 

brightness evoked by our adjective-noun combinations positively predicted the extent to which 644 

multivoxel patterns in LATL were influenced by those combinations. These results suggest that 645 

LATL represents the output of a conceptual combination process.  646 

Neither the additive or multiplicative model’s BCHANGE predictions predicted multivariate 647 

effects in LFUS (p’s>0.4), LAG (p’s>0.3), LATL (p’s>0.4), or LIFG (p’s>0.3). Similarly, the 648 

Bayesian model’s BCHANGE predictions did not significantly predict multivariate effects in LFUS 649 

(p>0.6), LAG ( =0.29; R2=8%; p=0.067; =0.0125), LATL (p>0.2), or LIFG (p>0.5).  650 

 651 

7.2 Neural representations of conceptual brightness  652 

We did not observe representations of conceptual brightness in any of our ROIs. In LFUS, 653 

univariate responses did not positively (p=0.19) or negatively (p>0.8) relate to explicit brightness 654 

ratings when controlling for word length; similar results were observed in LAG (pos: p>0.5; neg: 655 

p>0.4), LATL (pos: p>0.8; neg: p=0.13), and LIFG (pos: p>0.3; neg: p>0.6). In the multivariate 656 

analysis, similarity of multivoxel patterns evoked by noun concepts did not reflect similarity in 657 
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conceptual brightness when controlling for word length in LFUS (p=0.11), LAG (p>0.5), LATL 658 

(p>0.4), or LIFG (p>0.7).  659 

 660 

 661 

8. Discussion 662 

 663 

Here we explored how conceptual information is flexibly activated during comprehension of 664 

combined concepts using behavioral, modeling, and neuroimaging methods. We specifically 665 

targeted the feature dimension of conceptual brightness, which we modulated in adjective-noun 666 

combinations. We collected explicit ratings of conceptual brightness for unmodified nouns (e.g., 667 

“diamond”, “shadow”) and their “dark” and “light” combinations (e.g., “dark diamond”, “light 668 

diamond”), and used these data to characterize the extent to which conceptual brightness could 669 

be flexibly modulated within different noun concepts. We then explored whether brightness 670 

uncertainty related to these ground-truth modulation effects, and characterized the brain regions 671 

involved in this feature-based combinatorial process.  672 

Feature uncertainty was quantified using entropy, a measure from information theory 673 

(Shannon, 1948) that reflects the uncertainty of an outcome or the potential informativity of a 674 

signal. If P is the probability of an outcome, entropy is highest when P=0.5. For example, 675 

consider flipping a fair vs. biased coin. A flip of a fair coin has PHEADS=0.5 and PTAILS=0.5; the 676 

result of the coin flip is maximally uncertain. On the other hand, if a biased coin has PHEADS=0.8 677 

and PTAILS=0.2 then the result of the flip is less uncertain, as it is likely to result in heads. We 678 

translated these ideas to the realm of conceptual knowledge to explore the flexible activation of 679 

features in conceptual combination. If the brightness of a noun concept is characterized by 680 
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complementary values of PDARK and PLIGHT, then conceptual brightness will be most uncertain 681 

when both PDARK and PLIGHT =0.5. Consider the concepts DIAMOND and PAINT, which were 682 

characterized by PDARK ~ 0.2 and PDARK ~ 0.5, respectively. These values reflect the fact that 683 

diamonds are unlikely to be dark, whereas paint is equally likely to be dark or light in color. 684 

Because PLIGHT = 1- PDARK, and because entropy is symmetrical around 0.5, each concept can be 685 

assigned a single brightness uncertainty value: DIAMOND has a lower brightness uncertainty 686 

(0.73) than PAINT, which has very high brightness uncertainty (0.99).   687 

We predicted that brightness uncertainty would positively correlate with the modulation of 688 

conceptual brightness across verbal contexts. For example, we predicted greater change in 689 

conceptual brightness for PAINT when modified by brightness adjectives (i.e., “dark paint”, “light 690 

paint”) than for DIAMOND when paired with the same adjectives. Our results supported these 691 

predictions: we observed a strong positive relationship between brightness uncertainty and 692 

ground-truth brightness modulation across the 45 noun concepts. We also embedded feature 693 

uncertainty within a predictive Bayesian combinatorial model, in which a concept’s conceptual 694 

brightness is represented as a probability distribution over brightness values. We assessed the 695 

ability of this Bayesian model to predict brightness modulations evoked by the adjective-noun 696 

combinations, and compared its performance to more traditional additive and multiplicative 697 

models (Smith et al., 1988; Mitchell & Lapata, 2008; 2010). The Bayesian model outperformed 698 

the other models, highlighting the relevance of feature uncertainty in the conceptual combination 699 

process. Our behavioral and modeling results suggest that conceptual feature uncertainty 700 

influences how features are flexibly modulated when concepts combine.  701 

In order to understand the neural correlates of this flexible combination process, we analyzed 702 

responses to the “dark” and “light” adjective-noun combinations within a priori regions of 703 
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interest, each of which has previously been implicated in a task requiring flexible conceptual or 704 

linguistic processing. We determined whether neural responses in any of these regions reflected 705 

feature uncertainty or flexible feature modulation. Our results reveal contributions of LIFG and 706 

LATL to these processes, which provides insights into the neural mechanisms of conceptual 707 

combination and flexible conceptual processing more generally.  708 

LIFG was particularly sensitive to feature uncertainty during comprehension of combined 709 

concepts. Univariate modulation effects refer to the extent to which univariate responses, 710 

averaged within an ROI, were influenced by adjective-noun combinations relative to the noun 711 

alone. When the brightness of a noun concept was highly uncertain (e.g., PAINT), “dark” and 712 

“light” modifiers induced greater univariate modulation in LIFG. Additionally, univariate 713 

modulation in LIFG was positively predicted by additive and multiplicative models of adjective-714 

noun combinations, further suggesting LIFG contributions to the feature-based combinatorial 715 

process induced by complex phrases. Weaker evidence also implied that univariate modulation 716 

in LIFG positively correlated with the ground truth brightness modulation derived from 717 

behavioral data. LIFG is not typically associated with conceptual combination, but plays a role in 718 

metaphor processing (Solomon & Thompson-Schill. 2017; Cardillo et al, 2012; Bambini et al., 719 

2011; Eviatar & Just, 2006; Lee & Dapretto, 2006; Rapp et al., 2004, 2007; Stringaris et al., 720 

2007). Figurative language and conceptual combination rely on similar conceptual devices 721 

(Wisniewski, 1997; Estes & Glucksberg, 2000), in that they both involve the selection and 722 

integration of conceptual features. The metaphor “His teeth are pearls” and the noun-noun 723 

combination “pearl teeth” both involve selecting the relevant conceptual features from the PEARL 724 

concept (e.g., WHITE, SHINY) and mapping or integrating these features into the TEETH concept. 725 

The feature is often pre-selected in adjective-noun combinations (e.g., “white teeth”), but 726 
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integration of feature information is still required. Our current results suggest that LIFG is 727 

involved in the feature integration process during complex language comprehension, and we 728 

argue that this process is relevant for combined concepts, figurative language, and natural 729 

language use more generally. Our finding that LIFG is involved in modulating feature 730 

representations in combined concepts is consistent with broader claims that this region plays a 731 

crucial role in semantic selection and control (e.g., Jeffries, 2013; Thompson-Schill et al., 1997, 732 

1999).  733 

In LATL, multivariate responses reflected the degree of conceptual feature modulation 734 

evoked by the adjective-noun combinations. Our multivariate modulation analysis examined the 735 

extent to which multivoxel patterns evoked by a noun and its corresponding adjective-noun 736 

combinations differed from each other.  For noun concepts with low brightness modulation (e.g., 737 

DIAMOND), “dark” and “light” combinations evoked patterns in LATL that were similar to the 738 

patterns evoked by the noun alone. For noun concepts characterized by high brightness 739 

modulation (e.g., PAINT), “dark” and “light” combinations evoked patterns in LATL that were 740 

substantially different from the pattern evoked by the noun alone. That is, dark” and “light” 741 

modifiers did not influence patterns in LATL identically across nouns—the effect was modulated 742 

by degree of conceptual change. These results suggest that responses in LATL reflect an 743 

integration of conceptual features, rather than a superimposition of constituent concepts.  744 

LATL has been widely implicated in neuroimaging studies of conceptual combination, in 745 

both fMRI (Baron et al., 2010; Baron & Osherson, 2011; Boylan et al., 2017) and MEG 746 

methodologies (Bemis & Pylkkänen, 2011; 2012; 2013; Westerlund & Pylkkänen, 2014). The 747 

ATL also plays a central role in theories of conceptual knowledge more generally—such as the 748 

hub-and-spoke theory, a neurocomputational model in which ATL acts as a semantic “hub” that 749 
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integrates featural representations from other regions (i.e., “spokes”). In this account, concepts in 750 

ATL are not represented in terms of their features, but rather in a high-dimensional semantic 751 

space (Rogers et al., 2004; Patterson et al., 2007; Lambon Ralph et al., 2010, 2017). In related 752 

work, Coutanche & Thompson-Schill (2014) find that representations in LATL reflect an 753 

integration of visual features (i.e., color and shape), but not the visual features themselves. We 754 

suggest that the integration of features (e.g., SHINY, EXPENSIVE) to form coherent concepts (e.g., 755 

DIAMOND), and the integration of those concepts to form a combined concept (e.g., DARK 756 

DIAMOND), might recruit the same neural mechanisms. Our finding that LATL representations 757 

reflect the integration of conceptual brightness across concepts, but not conceptual brightness per 758 

se, is consistent with this theory that LATL integrates conceptual information within and 759 

between concepts in a high-dimensional semantic space.  760 

We did not observe feature-based combinatorial responses in LAG, despite its role in 761 

combining concepts more generally (Bemis & Pylkkänen, 2012; Price et al., 2015; 2016; Boylan 762 

et al., 2015; 2017, Graves et al., 2010). In particular, it has been argued that LAG is sensitive to 763 

the plausibility of adjective-noun combinations (Price et al., 2015), or to “relational” 764 

combinations that imply an event or relation between two concepts, rather than feature 765 

attribution (Boylan et al., 2015; 2017). The apparent lack of LAG response to feature-based 766 

combinations in our task is consistent with the theory that LAG is recruited for “relational” 767 

rather than “attributive” conceptual combinations (Boylan et al., 2015; 2017). We also found no 768 

evidence that LFUS is implicated in a feature-based combinatorial process, or that it represents 769 

conceptual brightness, despite previous findings that LFUS represents conceptual color (Martin 770 

et al., 1995; Simmons et al., 2007; Hsu et al., 2011; 2012). However, it is still an open question 771 
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whether cortical regions that contain feature-based representations can also flexibly represent 772 

those features in combined concepts.  773 

Here we characterized the computational and neural mechanisms underlying the flexible 774 

modulation of conceptual information during language comprehension. Using methods inspired 775 

from information theory and Bayesian modeling, we provide evidence that feature uncertainty 776 

plays a role in conceptual combination. Further, our analyses expose the LIFG and LATL as 777 

regions involved in this flexible combinatorial process. These findings are likely to extend more 778 

generally to complex language processing and flexible concept use.  779 

 780 
 781 
 782 

9. Table 783 

Table 1: Noun concepts.   The 45 noun concepts used in the current study 
are displayed in order of conceptual brightness (light to dark).  
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