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Abstract 

The ability to adaptively transfer acquired fear to novel situations is fundamental for survival in ever-

changing environments and may contribute to the emergence and persistence of anxiety disorders. 

Consequently, research has focused on the assessment of fear generalization profiles to predict 

individual differences in trait anxiousness. However, substantial heterogeneity in the measurement 

and operationalization of generalization hampers comparisons across studies and poses a risk to the 

replicability of findings. To address these issues, we reviewed the literature to identify commonly 

used methods for characterizing fear generalization profiles. We then conducted simulation analyses 

to examine correlations between indices and probe their robustness against measurement noise. 

Finally, we used two large empirical datasets (N = 1,175 and N = 256) to examine the reliability of 

these indices and their validity in predicting psychopathology. All identified indices were substantially 

correlated but highly sensitive to measurement noise, with only minimal differences between 

methods. Reliabilities were moderate for subjective ratings but poor for skin conductance responses. 

All indices of fear generalization were unrelated to individual levels of anxiousness. Overall, a more 

comprehensive discussion of conceptual and methodological issues is needed to better understand 

how fear generalization contributes to the etiology and maintenance of anxiety disorders. 
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Introduction 

Fear and anxiety are emotional states that help individuals to adaptively cope with threat or 

adverse situations. However, when these emotions occur unselectively across a variety of situations, 

when they are exaggerated and difficult to manage, and when they result in widespread avoidance 

behavior, they become maladaptive and mark the transition to an anxiety disorder. In fact, anxiety 

disorders are among the most frequent mental disorders with a lifetime prevalence of up to 33.7% in 

Western countries (Bandelow & Michaelis, 2015; Kessler et al., 2005; Michael et al., 2007). In 

addition to negative consequences for affected individuals such as a reduced ability to work, 

difficulties in establishing and maintaining social relationships and the risk of suicide, anxiety 

disorders also generate substantial economic costs for the society (Kasper, 2006). 

Given the huge importance of an early detection of the risk for anxiety disorders and the 

need to provide appropriate and effective therapies, research has focused on identifying 

psychological and neural mechanisms that contribute to the etiology and maintenance of the broad 

variety of anxiety disorders. Such research frequently relied on laboratory tasks to characterize 

aberrant learning of aversive associations (Pittig et al., 2018). Pavlovian fear conditioning is a prime 

example of such a research paradigm (Fullana et al., 2020). In this task, participants are typically 

confronted with one stimulus that is paired with an aversive experience (so-called unconditioned 

stimulus, US) and thereby becomes a conditioned stimulus (so-called CS+). In differential fear 

conditioning protocols, another stimulus is presented but never paired with the aversive US and 

thereby becomes a conditioned stimulus signaling safety (so-called CS−). This paradigm has been 

extensively used to experimentally model the acquisition of fear in healthy individuals (Hamm & 

Weike, 2005; Rescorla, 1967; Seligman, 1971). However, it was also shown that patients with anxiety 

disorders show aberrant fear conditioning reflected in an enhanced fear response to the CS− and 

therefore a decreased CS differentiation (for a meta-analysis, see Duits et al., 2015). According to this 

latter finding, both highly anxious yet healthy individuals (Sep et al., 2019) as well as patients with 

anxiety disorders (Lissek et al., 2014) seem to generalize fear to stimuli that were never associated 

with threat before. 

The phenomenon of fear generalization was already described more than a century ago in 

the seminal study of “little Albert” (Watson & Rayner, 1920), who was initially conditioned to 

associate a white rat (CS+) with an aversive sound (US) and later showed fear responses to stimuli 

that had perceptual similarity to the CS+ (e.g., rabbit, fur coat, cotton wool). After this initial 

description, research on fear generalization was sparse for several decades. However, it has 

experienced enormous impetus after initial studies have observed differences in fear generalization 
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between healthy individuals and patients with anxiety disorders (Dunsmoor & Paz, 2015; Dymond et 

al., 2015; Kopp et al., 2005; Lissek et al., 2014; Lissek et al., 2010). These studies frequently relied on 

a fear conditioning procedure as described above but included generalization stimuli (GS, e.g. circles 

of different sizes Lissek et al., 2010) that covered the similarity continuum between CS+ (e.g., large 

circle) and CS− (e.g., small circle). Several studies have shown that the gradient of fear responses 

(e.g., startle responses or risk ratings) is more linear for anxiety patients, whereas it shows a 

substantial curvature in healthy participants with only those GSs that are most similar to the CS+ 

eliciting increased fear responses (Lissek et al., 2014; Lissek et al., 2010). 

Although recent meta-analyses confirmed significant relationships between the extent of 

fear generalization and anxious yet healthy personality traits (Sep et al., 2019) as well as pathological 

anxiety (Cooper et al., 2022; Fraunfelter et al., 2022), they also reported a significant heterogeneity 

across studies. This might result from a lack of a default or gold standard or consensus method to 

quantify the extent of fear generalization. In fact, numerous methods have been proposed in the 

literature, but their psychometrics, which are key for the prediction of anxiety symptoms (Hedge et 

al., 2018; Zorowitz & Niv, 2023), are largely unexplored. This is problematic since individualized 

treatments, which have been proposed as a viable alternative to manualized psychotherapy (Cohen 

et al., 2021; Lueken & Hahn, 2020), critically rely on the accurate measurement of potentially 

maladaptive processes. Moreover, imprecise measurements also hamper scientific progress and 

reduce the replicability of previous discoveries (Nebe et al., 2023). 

The current article therefore aims to achieve the following goals: First, we review the 

literature to identify commonly used methods for characterizing fear generalization profiles. Second, 

we describe the psychometric properties of these indices, their robustness against measurement 

noise and their interrelations based on simulations. Finally, we use two large datasets (N = 1,175 and 

N = 256) including subjective ratings and electrodermal responses to estimate the test-retest 

reliability of these indices as well as their validity in predicting anxious personality traits.  

 

Literature review of methods for characterizing fear generalization profiles 

In order to identify commonly used generalization indices, we conducted a systematic 

literature review based on the PRISMA guidelines (Moher et al., 2015; Radua, 2021). The search was 

carried out in Web of Science and in PsycInfo. Articles published between 1990 and (22nd June) 2023 

as well as written in English were considered. Reviews, conference abstracts, books, and editorials 
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were excluded. The terms for the search included: “fear generalization” OR “generalization gradient” 

OR “generalization processes” OR “memory generalization”. 

The search returned 506 articles from the Web of Science and 667 articles from PsycInfo, 

with 500 being duplicates. Articles were then screened based on their abstract. In order to be 

considered into this systematic review, the studies had to meet the following criteria: 1) being a 

classical conditioning study; 2) not being a conference abstract; 3) not being a review, comment or 

meta-analysis; 4) not relying on appetitive classical conditioning with a rewarding US; 5) not using a 

context-dependent generalization design (i.e., conditioned defensive responses are generalized 

according to context rather than stimulus similarity); and 6) generalization of conditioned defensive 

responses was tested over multiple stimuli. The eligible articles were 308, which were read and 

evaluated in detail focusing on the above-mentioned inclusion criteria. After this careful evaluation, 

82 records were considered for the systematic review and six articles were manually added (see 

Supplemental Figure 1).  



LABORATORY MEASURES OF FEAR GENERALIZATION                7 

Table 1 - Overview of the Studies and their Quantification of the Strength of Fear Generalization 

Studies, which arithmetically calculated an index to quantify fear generalization 
Linear Deviation Score (LDS) Imholze et al. (2023), Kaczkurkin et al. (2017), Lange et al. (2019), Lange et al. (2017), Lissek et al. (2017), Reutter et al. 

(2023), Stegmann et al. (2019), Zhu et al. (2022) 
Generalization Index (GI) Herzog et al. (2021), Lenaert et al. (2016), Mertens et al. (2021), Reinhard et al. (2022)  

Studies, which modelled a generalization gradient 
Gaussian (tuning) models Dou et al. (2023), Grosso et al. (2018), Kampermann et al. (2019), Kausche et al. (2021), Kausche et al. (2021b), Kausche 

et al. (2021a), Onat et al. (2015), Porter et al. (2021), Resnik et al. (2015), Tuominen et al. (2019) Wang et al. (2022), 
Zaman et al. (2023), Zaman et al. (2019), Zaman et al. (2019), Zenses et al. (2021) 

Quadratic-linear models Cha et al. (2016), Cha et al. (2014), Cha et al. (2014), Dunning et al. (2015), El-Bar et al. (2017), Hammell et al. (2020), 
Laufer et al. (2016), Wickens et al. (1954), Zaman et al. (2023), Zaman et al. (2021) 

Studies, which examined the amount of generalization on the group level 
ANOVA based - quadratic and 
linear trend 

Ahmed et al. (2015), Dunning et al. (2015), Dunsmoor et al. (2017), Glenn et al. (2021), Glenn et al. (2012), Greenberg et 
al. (2010), Klein et al. (2023), Klein et al. (2020), Lange et al. (2019), Lange et al. (2019), Lee et al. (2018), Lissek et al. 
(2014), Lissek et al. (2010), Lissek et al. (2008), Manbeck et al. (2022), Michalska et al. (2016), Niederstrasser et al. 
(2017), Phillips (1958), Roesmann et al. (2022), Struyf et al. (2018), Vandael et al. (2023), Vandael et al. (2020), Van 
Meurs et al. (2014), Vervliet et al. (2006), Zoladz et al. (2022)  

Quadratic and (difference of) 
Gaussian contrast comparisons 

Antov et al. (2020), Friedl et al. (2021), McTeague et al. (2015), Plog et al. (2022), Stegmann et al. (2020) 

Hierarchical models including 
quadratic terms 

Ginat-Frohlich et al. (2019), Ginat-Frohlich et al. (2017), Keefe et al. (2022), Lommen et al. (2017), Meulders et al. (2017) 

Various types of regression 
models 

dos Santos et al. (2019), Fan et al. (2022), Michalska et al. (2016), Nelson et al. (2015), Resnik et al. (2015), Schroijen et 
al. (2015), Struyf et al. (2017), Zaman et al. (2016) 
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The majority of studies applied three different procedures to describe the amount of fear 

generalization. 1) 12 studies relied on arithmetic solutions to calculate a generalization index, 2) 25 

studies considered linear and quadratic trends resulting from ANOVA models, and 3) 23 studies modeled 

the generalization gradient (please note that the heterogeneity in modelling is very large, not only 

referring to the type of mathematical function but also regarding the data/responses considered in the 

model). Six additional studies added a discrimination task in order to determine the individual perceptual 

threshold in detecting visual differences between stimuli (see Supplemental Table 1).  

To summarize, our review of the current literature shows great heterogeneity among fear 

generalization analyses and no gold standard for characterizing fear generalization profiles could be 

identified. Furthermore, many of the studies focused on group-level differences and thus only 

considered linear and quadratic trends within ANOVA models without acquiring indices of fear 

generalization on an individual level. 

In the studies that examined individual differences in fear generalization, the most commonly 

used arithmetic index to describe the curvature of the generalization gradient is the Linear Deviation 

Score (LDS, Lissek et al., 2014), which can be calculated as  

𝐿𝐿𝐿𝐿𝐿𝐿 =
𝐶𝐶𝑆𝑆+ + 𝐶𝐶𝑆𝑆−

2
−
𝐺𝐺𝑆𝑆1 + 𝐺𝐺𝑆𝑆2 + 𝐺𝐺𝑆𝑆3 + ⋯+ 𝐺𝐺𝑆𝑆𝑛𝑛

𝑛𝑛
 

where CS+ is the individual response to the CS+, CS− is the response to the CS− and GSn is the 

response to the nth level of the generalization stimuli. The LDS can be illustrated as a measure of how 

strongly the responses to the GSs deviate from a hypothetical straight line between CS− and CS+ 

responses. Values near zero indicate a linear gradient, whereas negative values indicate stronger 

generalization, respectively (for an illustration of LDS values for different generalization profiles, see 

Figure 1A). Please note that we changed the polarity of the LDS (i.e., higher values indicate stronger 

generalization) for the rest of the manuscript in order to achieve better comparability with other fear 

generalization indices. The range of the LDS is not restricted and varies depending on the range and the 

units of the measured variable.  

A second frequently used method to describe the curvature of fear generalization gradients Is 

the generalization index (GI, Lenaert et al., 2016), which is calculated by dividing the sum of the 

responses to the GSs by the response to the CS+: 

𝐺𝐺𝐺𝐺 =
𝐺𝐺𝑆𝑆1 + 𝐺𝐺𝑆𝑆2 + 𝐺𝐺𝑆𝑆3 + ⋯+ 𝐺𝐺𝑆𝑆𝑛𝑛

𝐶𝐶𝑆𝑆+
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The GI can be considered as the combined response strength to the GS relative to the original 

fear stimulus (see Figure 1A). When interpreting the values of the GI, it is crucial to consider the number 

of generalization stimuli and the numerical range of the measured variable. Higher values indicate 

stronger fear generalization. In addition, it is important to note that (1) the GI does not include 

responses to the CS− and (2) the calculation of the GI will result in missing values if responses to the CS+ 

are zero.  

Apart from indices that rely on an arithmetic combination of responses, several studies 

employed model fitting approaches that describe the individual fear generalization gradient by 

statistically fitting a pre-defined function and extracting its parameters. The choice of function can be 

based either on assumed theoretical considerations or subjective preferences. To find the best fit 

between the model function and the generalization gradient, usually methods like least squares are used 

that involve finding the values of the model parameters that minimize the sum of the squared 

differences between the predicted and the observed data. In addition, the residuals can then be used to 

calculate goodness of fit parameters (e.g., R²), which provide an estimate of how well the model fits the 

individual generalization gradient.  

The most frequently used function in the literature is the Gaussian function (Gaussian model fit, 

Gauss; e.g. Kausche, Zerbes, Kampermann, Büchel, et al., 2021; Onat & Buchel, 2015), which can be 

expressed as 

 

𝑦𝑦 = 𝑎𝑎 + 𝑏𝑏 ∗ (
1

𝜎𝜎√2𝜋𝜋
𝑒𝑒−

1
2�
𝑥𝑥−𝑛𝑛+2

𝜎𝜎 �
2

) 

with 

𝑦𝑦 =  

⎝

⎜
⎜
⎜
⎜
⎜
⎛

𝐶𝐶𝑆𝑆−
𝐺𝐺𝑆𝑆1
…
𝐺𝐺𝑆𝑆𝑛𝑛
𝐶𝐶𝑆𝑆+
𝐺𝐺𝑆𝑆𝑛𝑛

…
𝐺𝐺𝑆𝑆1
𝐶𝐶𝑆𝑆−⎠

⎟
⎟
⎟
⎟
⎟
⎞

𝑎𝑎𝑎𝑎𝑎𝑎 𝑥𝑥 =  

⎝

⎜
⎜
⎜
⎜
⎜
⎛

1
2
…

𝑛𝑛 + 1
𝑛𝑛 + 2
𝑛𝑛 + 3

…
2𝑛𝑛 + 2
2𝑛𝑛 + 3⎠

⎟
⎟
⎟
⎟
⎟
⎞

 

CS+ is the individual response to the CS+, CS− is the response to the CS− and GSn is the response 

to the nth level of the generalization stimuli. The Gaussian function has three free parameters: the 
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standard deviation of the normal distribution σGauss, the scale factor bGauss, and the vertical translation 

factor aGauss. Assuming the other parameters remain constant, increases in σGauss widen the “bell”-shape 

of the Gaussian function, increases in bGauss increase the maximum level at CS+, and increases in aGauss 

increase the baseline of the Gaussian. Thus, σGauss is the best single parameter to describe the curvature 

of the generalization gradient, with higher values indicating more generalization. The Gaussian model is 

naturally suitable to describe fear generalization gradients where the CS+ lies in the center of the feature 

continuum but can also be used for gradients that extend from CS− to CS+. In such cases, the 

generalization gradient is conceptualized as the first half of a normal distribution. Consequently, 

individual data needs to be mirrored at the CS+ to obtain a full normal distribution before submitting 

them to the fitting algorithm (see Figure 1B). 

As an alternative to the Gaussian function, the exponential function has been used to describe 

generalization gradients (exponential model fitting, exp; Resnik & Paz, 2015; Struyf et al., 2017): 

𝑦𝑦 = 𝑎𝑎 + 𝑛𝑛 ∗ 𝑒𝑒𝜆𝜆𝜆𝜆 

with 

𝑦𝑦 =  

⎝

⎜⎜
⎛

𝐶𝐶𝑆𝑆−
𝐺𝐺𝑆𝑆1
𝐺𝐺𝑆𝑆2
…
𝐺𝐺𝑆𝑆𝑛𝑛
𝐶𝐶𝑆𝑆+⎠

⎟⎟
⎞

 𝑎𝑎𝑎𝑎𝑎𝑎 𝑥𝑥 =  

⎝

⎜⎜
⎛

1
2
3
…

𝑛𝑛 + 1
𝑛𝑛 + 2⎠

⎟⎟
⎞

 

As fitted parameters, the algorithm returns the growth factor λexp, the scale factor nexp, and the 

vertical translation factor aexp. Assuming the other factors remain constant, changes in λexp and nexp affect 

the steepness, while aexp characterizes the horizontal asymptote of the exponential function. When both 

λexp and nexp are positive, the exponential function is concave to the left, and the horizontal asymptote 

represents the minimum. Conversely, if both λexp and nexp are negative, the function graph is concave to 

the right, and the horizontal asymptote represents the maximum of the exponential function. The 

exponential growth factor λexp is primarily responsible for the curvature of the function and therefore 

most accurately describes the strength of generalization. Higher values indicate reduced generalization 

(see Figure 1C). Similar to the LDS, we changed the polarity of the λexp (i.e., higher values indicate 

stronger generalization) for the rest of the manuscript in order to achieve better comparability with the 

other fear generalization indices.  
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Model fitting approaches also provide an opportunity to retrieve individual fear generalization 

parameters analogous to the linear and quadratic trends that are frequently reported for group-level 

analyses by fitting a polynomial function including a quadratic, linear, and constant term (quadratic 

polynomial, linquad, e.g. Cha, Tsafrir, et al., 2014; Dunning & Hajcak, 2015):  

𝑦𝑦 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏 + 𝑐𝑐𝑥𝑥2 

where 

𝑦𝑦 =  

⎝

⎜⎜
⎛

𝐶𝐶𝑆𝑆−
𝐺𝐺𝑆𝑆1
𝐺𝐺𝑆𝑆2
…
𝐺𝐺𝑆𝑆𝑛𝑛
𝐶𝐶𝑆𝑆+⎠

⎟⎟
⎞

 𝑎𝑎𝑎𝑎𝑎𝑎 𝑥𝑥 =

⎝

⎜⎜
⎛

1
2
3
…

𝑛𝑛 + 1
𝑛𝑛 + 2⎠

⎟⎟
⎞

  

As fitted parameters, the algorithm returns the weight of the quadratic term c, the weight of the 

linear term b, and the intercept parameter alinquad (see Figure 1D). To combine the weights of the 

quadratic and linear terms into a single parameter, one can calculate the relative importance of the 

linear term (%linquad) over the quadratic term, which is expressed as the relative contribution of the linear 

term to the total explained variance (Feldman, 2005).  
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Figure 1 - Comparison of Arithmetic Solutions (A) and Model Fitting Approaches (B to D) for Quantifying 

the Strength of Generalization in Three Schematic Participants. 

 

Note. Fear generalization data for three different participants are depicted as blue, purple, and orange 

dots connected by dashed lines. Solid curved lines illustrate the fitted models described by the 

respective parameter values. For LDS and λexp, high values indicate less fear generalization. 

 

Simulation analysis: Psychometric properties of fear generalization indices 

We next conducted an empirically informed simulation analysis to better understand how 

measurement errors influence different indices of fear generalization. In order to simulate 

representative profiles of fear generalization gradients, we relied on a previous study by Stegmann et al. 

(2019) that identified five separate clusters of typical profiles in a large group of participants. These 

clusters resulted from an analysis of arousal ratings obtained for the CS+, CS−, and four GSs on a scale 

from 1 to 9. As can be seen in Figure 2A, clusters 2 and 4 show similarly high differentiation between CS+ 

and CS− but different levels of generalization. Clusters 1, 3, and 5, however, exhibit little differentiation 

and mostly differ according to their overall level of responses. Building upon these characteristics, we 

used the shapes of clusters 2 and 4, normalized their values from 0 to 1, and created a total of nine 

additional levels of generalization between as well as above and below both generalization profiles (3 

interpolation steps and 3 equidistant extrapolations on either side). The resulting eleven fear 

generalization profiles were winsorized to assure that no GS has values more extreme than the CSs (Cecil 
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et al., 1947). The final gradients then served as prototypes for five model cases that were tested in our 

simulation: The first case spanned almost the full rating scale, ranging from 2 to 8, thus showing high 

differentiation and an intermediate average level. We employed a bottom (1.5 to 4.5), middle (3.5 to 

6.5), and top (5.5 to 8.5) case with intermediate differentiation but different proneness to floor and 

ceiling effects. Lastly, we included another middle cluster (4.25 to 5.75) similar to empirical cluster 3 but 

with even lower differentiation. The resulting model cases, each including eleven fear generalization 

profiles, thus exhibited different amounts of CS differentiation and general arousal level (see Figure 2B). 

Using the empirically informed cases described above as true scores, we conducted a simulation analysis. 

For each of the 55 gradients (5 model cases × 11 gradients per case; see Figure 2B), we calculated the 

LDS and GI. Furthermore, we extracted the curvature parameters σGauss, from a Gaussian model fit and 

λexp, from an exponential model fit; as well as the relative importance of the linear over the quadratic 

component %linquad from a quadratic polynomial model fit. All models were fitted to the data of individual 

cases using the Least-Squares approach in combination with the “Bound Optimization by Quadratic 

Approximation” (bobyqa) algorithm as implemented in the nloptr package (version 2.0.3) for R 4.1.2 (R 

Development Core Team, 2021). Across these 5 fear generalization indices, we first calculated their 

intercorrelations. Second, the range of values spanned across generalization gradients served as a 

measure of differentiation between generalization profiles. For comparison, we normalized the true 

score generalization indices across cases to the range from 0 to 1 by subtracting the minimum value and 

dividing the result by the range of values. Third, we added noise from a normal distribution (M = 0, SD 

see below) to every of the 6 ratings within each gradient. The amount of noise was informed by the 

average empirical standard deviation observed between arousal ratings of the same stimuli within the 

same subjects across the generalization phase (SD = 1.59) in the study by Stegmann et al. (2019). By 

doubling and halving this value, we created a total of three different noise levels ranging from low to 

medium to high. For each of these noise levels we simulated 50 pairs of noise-corrupted gradients 

(comparable to usual sample sizes in the field of fear generalization), for which we calculated the LDS 

and GI as well as extracted the curvature parameters σGauss, λexp, and the relative importance of the linear 

over the quadratic component %linquad as described above. To evaluate the robustness against noise, we 

then calculated the correlations between pairs of generalization profiles drawn from the same true 

scores at different levels of noise. Following this, we obtained the mean and standard deviation of 

differences between true scores and estimates of generalization indices, separated by levels of noise, to 

assess the presence of systematic bias. All code for the simulation analysis is publicly and openly 

available at: https://osf.io/4zsju/?view_only=2027e007c2de43098dd6f57acb330ff8.  

https://osf.io/4zsju/?view_only=2027e007c2de43098dd6f57acb330ff8
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Figure 2 - Illustration of Representative Fear Generalization Gradients Spanning the Continuum between 

CS− and CS+.  

 
Note. Panel A shows the empirical basis taken from Stegmann et al. (2019) that was used for generating 

profiles illustrated in Panel B. Clusters 2 and 4 (solid lines) demonstrate high differentiation between the 

CS+ and CS−, with cluster 4 (green) showing an earlier and more steady increase in arousal from the CS− 

across GSs to the CS+, while cluster 2 (blue) is characterized by a slower and more sudden increase that 

is consistent with less fear generalization. Therefore, clusters 2 and 4 were used as a basis for response 

profiles with different amount of generalization (see bold lines in Panel B). Clusters 1, 3, and 5 (dashed 

lines in Panel A) on the other hand exhibit reduced differentiation between CS+ and CS− on different 

levels of general response strength and were thus used to inform the simulated profiles on a lower, 

middle, and high response level (Panel B). Finally, additional profiles with a substantially reduced amount 

of differentiation between CS+ and CS− were simulated. 
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Correlations between fear generalization indices 

The correlations between the different generalization indices ranged from r = .60 to r = .94, 

indicating a relatively strong similarity between the indices (see Figure 3A). At the same time, the 

strength of correlations suggests that the indices are not identical and should therefore not be used 

interchangeably. On average, the relative importance of the linear over the quadratic component %linquad 

from a quadratic polynomial model fit showed the strongest mutual correlations with the other fear 

generalization indices (ravg = .85), closely followed by the LDS (ravg = .84), λexp (ravg = .79), and σGauss (ravg = 

.79). Only the GI showed substantially smaller correlations with the other indices (ravg = .67). It is 

important to note that these correlations were based on true scores and can thus be interpreted as an 

upper limit for their similarity in noiseless measurements.  

 

Differentiation 

Both LDS and GI are sensitive to restrictions of the response scale and show less differentiation 

between generalization profiles with increasing scale restriction (LDS: 100%, 50%, and 25%; GI: 76%, 

47%, and 26% differentiation for full, middle, and low diff cases respectively; cf. Supplemental Table 2). 

Thus, LDS and GI interpret the profiles of the “full” model case as more diverse than other cases even 

though the latter are just scaled variants of the former. The model-fitted indices, however, show no such 

dependency on the variance of response values (differentiation ≥ 98%). Additionally, the GI also factors 

in the absolute level of the CS+, rendering profiles as less diverse that are shifted upwards (bottom: 67%, 

middle: 47%, top: 36% differentiation). Importantly, the superior differentiation of Gaussian, 

exponential, and quadratic fits is merely theoretical. As soon as noise is included and true scores are not 

accessed directly, differentiation across generalization levels decreases and differentiation graphs 

become similarly less steep as for the LDS or GI (Figure 4). 
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Figure 3 - Summary of the Psychometric Properties of Fear Generalization Indices 

 

Note. Panel A: Correlations between the individual fear generalization indices across the 55 different 

true-score generalization gradients (without noise). Please note that the LDS and the λexp are inverted for 

better comparability. Panel B: Correlations between pairs of generalization profiles drawn from the same 

true scores at different levels of noise (medium levels reflect the empirical variability found between 

repeated measures in the large sample of Stegmann et al., 2019). The amount of noise greatly influences 

the strength of correlations but differences between generalization indices also emerge. Values can be 

interpreted as reliability estimates. Error bars indicate 95% confidence intervals of correlation parameter 

estimates. Panel C: Mean and standard deviation of differences between true scores and estimates of 

generalization indices, separated by levels of noise. 

 

Robustness against noise 

Correlations between pairs of generalization profiles drawn from the same true scores at 

different levels of noise indicate that the LDS shows the greatest robustness against different levels of 

noise. Only the GI shows a higher correlation at low noise, but robustness quickly decreases at medium 

noise and is worst of all indices for high noise. Exponential and quadratic fits show an overall similar 

pattern of susceptibility to noise while Gaussian fits performed at the lowest two ranks across all noise 

levels. The results are summarized in Figure 3B. 
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Bias 

As evident from Figure 3C, the LDS exhibits overall low bias even at high levels of noise. The GI 

achieves low bias for low noise but estimates skyrocket for high noise. Gaussian fits exhibit bias of 

overestimation already at low levels of noise. Exponential and quadratic polynomial fits have no overall 

bias across different generalization profiles and model cases but show systematic deviations from the 

true scores for certain combinations of variables (cf. Figure 4): Quadratic polynomial fits suffer from a 

tendency towards a medium generalization estimate across all model cases. Exponential fits show a 

similar tendency, but their bias is shifted into the direction of cluster 2 (low generalization), providing a 

bigger problem for underestimation.  
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Figure 4 - Differentiation Graphs of Various Generalization Indices Separated by Model Case and Noise Level 

 
Note. Generalization indices are depicted in columns for each model case (rows, depicted in first column) and noise level (colors). True scores 

without noise are depicted in black. Conformity between black and other lines indicates low bias. Higher average slopes reflect better differentiation 

between different generalization profiles within the same case. Susceptibility to noise is reflected by systematic deviation of the blue lines from the 

black line and unsystematic variance within blue differentiation graphs across the 50 pairs drawn from the same true scores. The latter is depicted in 

Supplemental Figure 2.  
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Empirical analysis: Reliability and validity of fear generalization indices 

As a final step, we used the previously identified and characterized fear generalization indices to 

examine their reliability and validity in two large samples of healthy participants. The first sample (cf. 

Stegmann et al., 2019) consisted of 1,175 healthy participants, who underwent a fear acquisition and 

generalization experiment (Schiele et al., 2016). The second sample (n = 256) underwent the same fear 

generalization paradigm, except that a discrimination training took place between the first and second 

block of the generalization phase (Herzog et al., 2021). Inclusion criteria and descriptive statistics of both 

samples are reported in the Supplementary Material. Subjective ratings as well as skin conductance 

responses were available in each sample and were used to calculate the extent of fear generalization on 

the level of individual subjects. Further information about the fear acquisition and generalization task, as 

well as the data processing can be found in the Supplementary Material. As for the simulation analysis, 

we obtained the different indices of fear generalization for each participant and dependent measure, 

including the LDS, GI, σGauss, λexp, and the relative importance of the linear over the quadratic component 

%linquad. In addition, we obtained basic indices of threat responsiveness for each participant, since they 

have been related to individual trait anxiety in previous analyses (Stegmann et al., 2019). These include 

the mean response levels (mean level), calculated as the average of responses to all six conditioned and 

generalization stimuli, the difference between CS+ and CS- responses (CS differentiation), and we also 

extracted the scale parameter bGauss, and vertical translation parameter aGauss from a Gaussian model fit; 

the scale parameter nexp, and vertical translation parameter aexp from an exponential model fit; as well 

as the intercept parameter clinquad from a quadratic polynomial model fit. Descriptive statistics of the fear 

generalization indices and model parameters for arousal ratings and skin conductance responses can be 

found in Supplemental Table 4.  

Based on the derived indices of fear generalization, we conducted the following analyses: First, in 

order to examine to what degree individual measures capture the same construct, we calculated 

bivariate linear correlations between indices using Pearson’s correlation coefficients (r). Second, to 

assess short-term test-retest reliability, we calculated correlations between the first and second half of 

the generalization phase. Test-retest reliabilities were only calculated for the first sample, as the second 

test block could not be analyzed in the second sample due to the discrimination training that was 

conducted before. Third, as a validity estimate, we determined associations of the different indices with 

individual levels of anxiety using correlations between fear generalization indices for the whole 

generalization phase (data were first averaged between blocks in the first sample and then submitted to 
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the calculations and model fitting procedures) and questionnaire scores as a measure of anxiety 

psychopathology. 

All statistical analyses were conducted with R 4.1.2 (R Development Core Team, 2021). The 

alpha level was set to .05. All analyses were carried out separately for arousal, valence, and US 

expectancy ratings, as well for skin conductance responses (SCR). Due to their similarity with arousal 

ratings, results for valence and US expectancy are reported in the supplemental material. 

 

Correlations of fear generalization indices 

The magnitude of intercorrelations between indices of fear generalization was generally higher 

for arousal, unpleasantness, and US expectancy ratings than for SCR amplitudes. Alike for the simulation 

analyses, the pattern of correlations indicates that the different indices tap into the same construct but 

are not identical and should therefore not be used interchangeably (see Figure 5A and Supplemental 

Figure 3A). An additional correlational analysis between generalization measures and basic indices of 

threat responsiveness (see Figure 5B and Supplemental Figure 3B) revealed generally moderate 

associations, suggesting that none of the curvature parameters can be adequately explained by mean 

response levels or CS differentiation. Furthermore, we found a general tendency that fear generalization 

indices were negatively associated with their respective vertical translation and intercept parameters 

(aGauss, aexp, and clinquad) and positively associated with their respective scaling parameter (bGauss, and nexp). 

These results were less consistent for SCR amplitudes and highly stable across both samples (see 

Supplemental Figure 6 and Supplemental Figure 7) 
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Figure 5 - Correlations Between Different Indices of Fear Generalization and Their Correlation with Basic 

Indices of Threat Responsiveness. 

 

Note. Correlations between different indices of fear generalization are depicted in Panel A. Their 

correlations with basic indices of threat responsiveness are depicted in Panel B. LDS = linear deviation 

score, GI = generalization index, Gauss = Gaussian model fit, exp = exponential model fit, linquad = 

quadratic polynomial model fit, % = relative importance of the linear compared to the quadratic term, 

Level = mean response level, Diff = CS differentiation. Statistically significant correlations are printed in 

black. Please note that the LDS and the λexp are inverted for better comparability. 
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Test-retest reliability 

The correlations between the first and the second half of the fear generalization phase were 

generally higher for arousal, unpleasantness and US expectancy ratings than for skin conductance 

responses (see Figure 6 and Supplemental Figure 4), with highest reliabilities for mean response levels 

(arousal: r = .78, SCR: r = .84) and CS differentiation (arousal ratings: r = .69, SCR amplitudes: r = .46), 

while reliability scores for the different indices of fear generalization were substantially lower (arousal 

ratings: ranging from r = .25 to r = .49, SCR amplitudes: ranging from r = .02 to r = .38). Importantly, 

there were no systematic differences between the different indices of gradient curvature. 

 

Figure 6 - Correlations Between Various Parameters of the First and Second Half of the Fear 

Generalization Phase 

 

Note. LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = 

exponential model fit, linquad = quadratic polynomial model fit, % = relative importance of the linear 

compared to the quadratic term, Level = mean response level, Diff = CS differentiation. Statistically 

significant correlations are printed in black. Please note that the LDS and the λexp are inverted for better 

comparability. 
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Validity  

Since overgeneralization of learned fear is frequently discussed as a key mechanism contributing 

to the etiology and maintenance of anxiety disorders, we next compared the different indices of fear 

generalization in terms of their performance in predicting individual levels of anxiety psychopathology 

as measured by questionnaires. In the first sample, the correlations were generally weak, and we were 

unable to identify any systematic relationship between any of the questionnaire measures and the 

indices of fear generalization. This lack of correlation was evident across arousal, unpleasantness, US 

expectancy ratings, and skin conductance responses (see Figure 7A and Supplemental Figure 5A). In the 

second sample, we could replicate these results. There were no systematic associations between any of 

the questionnaire measures and fear generalization indices, although we found slightly stronger 

associations for arousal ratings (see Supplemental Figure 8). Analyses of the basic indices of threat 

responsiveness revealed only slightly higher correlations (see Figure 7B and Supplemental Figure 5B). In 

particular, for arousal ratings, we identified systematic associations between mean response levels and 

measures of trait anxiousness in both samples (see Supplemental Figure 9). No such associations could 

be obtained for skin conductance responses. 
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Figure 7 - Correlations Between Trait Measures of Anxiety Psychopathology and Indices of Fear 

Generalization and Basic Indices of Threat Responsiveness

 
Note. Correlations of indices of fear generalization (Panel A) as well as basic indices of threat 
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responsiveness (Panel B) with various measures of trait anxiousness. STAI-T = State-Trait Anxiety 

Inventory – Trait, ASI-3 = Anxiety Sensitivity Index 3, ACQ = Agoraphobic Cognition Questionnaire, SPAI = 

Social Phobia Anxiety Index, LSAS = Liebowitz Social Anxiety Scale, CTQ = Childhood Trauma 

Questionnaire, LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = 

exponential model fit, linquad = quadratic polynomial model fit, % = relative importance of the linear 

compared to the quadratic term, Level = mean response level, Diff = CS differentiation. Statistically 

significant correlations are printed in black. Please note that the LDS and the λexp are inverted for better 

comparability. 

 

Discussion 

 The aims of the current article were threefold: First, we reviewed the literature to identify 

commonly used methods for characterizing fear generalization profiles. Second, we described the 

psychometric properties of these indices, their robustness against measurement noise, and their 

interrelations based on simulations. Third, we used two large datasets (N = 1,175 and N = 256) to 

examine test-retest reliability and validity of these different approaches that aim to quantify the extent 

of fear generalization on the individual level. 

The literature review revealed large heterogeneity in the quantification of individual fear 

generalization profiles across studies. Most studies concentrated on group-level effects and did not 

report any measures of individual fear generalization profiles (e.g., Greenberg et al., 2013; Lissek et al., 

2010; Vervliet et al., 2006). In the studies that examined individual differences, several indices were 

used, but heterogeneity exists regarding how these indices were calculated. The most frequently used 

measures include the linear deviation score (LDS; e.g., Lange et al., 2017; Lissek et al., 2014), the 

generalization index (GI; e.g., Lenaert et al., 2016), and curvature parameters obtained from model 

fitting approaches based on Gaussian functions (e.g., Onat & Buchel, 2015; Tuominen et al., 2019), 

exponential functions (Resnik & Paz, 2015; Struyf et al., 2017), or quadratic polynomials (e.g., Cha, 

Tsafrir, et al., 2014; Dunning & Hajcak, 2015). All these indices are based on theoretical considerations 

or were defined on the basis of empirically observed fear generalization profiles. While the Gaussian 

function is well-suited for bidirectional generalization paradigms (i.e., the CS+ is at the center of the 

generalization gradient), the other indices can be easily adjusted for this purpose. None of the indices 
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provides a normalized outcome, as their ranges depend on the measured variable (and in the case of the 

GI, on the number of GSs), which makes it difficult to compare results between studies.  

To gain more insight into the psychometric properties of the different indices, we conducted a 

simulation analysis to systematically examine the interrelation of indices and their robustness against 

different levels of measurement noise. To this end, we created five model cases, paralleling 

generalization gradients that are frequently observed in empirical studies. For each case, we created 

eleven gradients that differed only in the amount of fear generalization, resulting in 55 true score 

gradients in total. Comparing the individual fear generalization indices across these simulated gradients 

revealed generally strong correlations up to r = .94, suggesting that all indices tap into the same 

construct. Crucially, these scores can be interpreted as a theoretical upper limit for their similarity, and 

we assume reduced correlations for empirical, noisy measurements. In line with this notion, correlations 

among generalization indices in real-life fear generalization data revealed generally moderate to high 

correlations (.46 < r < .78) for arousal ratings but substantially lower effect sizes for SCR amplitudes (.04 

< r < .57). These findings have several important implications. While each of these indices can in 

principle be used to describe the curvature of individual generalization gradients, they are not 

equivalent and thus should not be used interchangeably. Based on the intercorrelations alone, we were 

not able to identify an index that performed systematically worse or better than the other indices, 

suggesting that other factors should be considered when choosing a suitable generalization index. 

One of these factors is the robustness of the individual fear generalization indices against 

different levels of unsystematic noise, which can be particularly important for clinical studies. To 

examine this issue, we simulated three levels of noise, ranging from low to medium to high. Average 

correlations between indices derived from these noisy data demonstrated unexpectedly low robustness 

against medium levels of measurement noise for all generalization indices (.15 < r < .26), which were 

even lower for high noise levels (.01 < r < .06). Correlations for low noise levels were substantially 

higher, ranging between r = .27 for σGauss and r =.70 for the GI. These findings are supported by the 

analyses of the empirical data sets. In fact, test-retest reliabilities for arousal ratings were moderate (.25 

< r < .42), while when we considered a noisier variable such as SCR amplitudes (Constantinou et al., 

2021; Zeidan et al., 2012) they were drastically reduced (.02 < r < .27). This suggests that these 

generalization indices are not reliable under conditions of high measurement noise, which is in line with 

previous findings of modest reliabilities in fear generalization paradigms for specific types of measures 

(Cooper et al., 2023; Torrents-Rodas et al., 2014). Consequently, it is strongly advised to monitor and 
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eliminate any potential sources of measurement noise in fear generalization paradigms. This may be 

achieved by repeatedly prompting responses of individuals across the generalization phase (Reutter & 

Gamer, 2023) instead of only acquiring them once at the end of it (but see Atlas et al., 2022 for a 

demonstration of how repeated prompts my alter physiological measurements). This has the additional 

benefit that standard errors can be obtained for individual participants (“subject-level precision”; Nebe 

et al., 2023) as an index of data quality. For physiological measurements like SCRs, for which reducing 

noise seems even more relevant, there are several ways during data collection and analysis to optimize 

the precision of acquired data (for an overview, see Nebe et al., 2023). 

While the previously discussed issues apply to all generalization indices, our simulation analysis 

also revealed important differences between them. The LDS was most robust against different levels of 

noise and showed minimum bias. Nevertheless, the LDS was characterized by reduced differentiation 

between generalization profiles if the range of responses was restricted, which could result in a reduced 

between-subject variance that has important implications for investigating reliability and interindividual 

differences (Nebe et al., 2023). In contrast, modelling fitting indices were not dependent on the range of 

response values. However, σGauss overestimated the amount of generalization, especially in the context 

of high measurement noise. The exponential and quadratic fits showed some robustness for highly noisy 

data but also demonstrated stronger bias than the LDS. Compared to the other indices, only the GI was 

characterized by a combination of several negative features. The GI was the most sensitive to varying 

levels of noise and showed an overestimation of generalization under conditions of high levels of 

measurement noise. Similar to the LDS, the GI was dependent on the variance of response values and 

did not fully differentiate between generalization profiles if the response range was restricted. These 

problematic issues can be attributed to two factors. Firstly, the GI is the only index that does not 

incorporate responses to the CS−. Secondly, the GI emphasizes the response to the CS+ as it is the only 

variable in the denominator, making it particularly susceptible to measurement noise.  

Previous studies noted that threat responsiveness in fear generalization paradigms should not 

only be characterized by indices that focus on the curvature of generalization gradients but should also 

take into account the general response strength across all stimuli as well as the differentiation between 

CS+ and CS− (Imholze et al., 2023; Stegmann et al., 2019). While these additional measures are 

complementary to the LDS and GI, model fitting approaches capture these characteristics with their 

remaining free parameters, e.g., the vertical translation and scaling factors of the Gaussian and 

exponential functions or the intercept parameter of the quadratic polynomial. While these parameters 
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cannot be considered as direct equivalents of the mean response level or the CS differentiation, they 

correlate significantly with them. For ratings, generalization indices were positively associated with 

mean response levels, reflecting that stronger fear generalization naturally leads to increased mean 

response levels. Only the GI showed a strong dependency on CS differentiation, which can again be 

attributed to the fact that the GI is the only parameter that neglects responses to the CS−. For the model 

fitting parameters, there was a general tendency that the extent of fear generalization is negatively 

correlated to vertical translation and intercept parameters, implicating that higher offsets are associated 

with less linear generalization gradients. At the same time the extent of fear generalization was 

positively correlated to the scaling factors of the Gaussian and exponential function, indicating that both 

types of parameters are related to the steepness of the generalization gradient. For skin conductance 

responses, results were much less coherent. We observed a general tendency for stronger fear 

generalization to be associated with lower mean response levels as well as with lower CS differentiation. 

We think that this can be partly explained by floor-effects since mean SCR amplitudes were generally 

low and non-zero responses were predominantly found for the CS+ compared to the CS− and GS. Thus, 

the interindividual variability in mean response levels and CS differentiation might be particularly driven 

by CS+ responses, which results in steeper generalization gradients and thus weaker fear generalization.  

Given the observed differences between fear generalization indices, it was a plausible 

assumption that these differences also play a role in how well the generalization indices perform in 

capturing individual levels of anxiety psychopathology. In a recent study, the subgroup of participants 

that demonstrated the most extreme fear generalization gradients (i.e., highest LDS scores) also showed 

higher levels of trait anxiety, although the effect sizes were rather small (Stegmann et al., 2019). In the 

current study, we reanalyzed these data by focusing on individual generalization profiles instead of 

group effects. Correlational analyses revealed no systematically significant associations between the 

different generalization indices and trait measures of anxiety as assessed by questionnaires. In addition, 

no differences were found among the indices, indicating that they all performed relatively poorly. To 

substantiate these findings, all analyses were repeated in an independent sample. Even though 

individual correlations were slightly stronger, the overall pattern of results remained similar and showed 

no systematic correlations between measures of fear generalization and questionnaire data (see 

Supplemental Figure 5). In general, basic measures of threat responsiveness such as CS differentiation, 

vertical translation, or scaling factors did not perform any better in predicting individual levels of 

anxiousness, except for mean response levels, which showed small but consistent correlations for all 

subjective measures in both samples. These findings are in line with previous observations that the 
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mean response levels appear to be a better predictor of individual levels of trait anxiety than the 

curvature of the fear generalization gradient per se (Stegmann et al., 2019). An explanation for these 

relatively weak correlations can be derived from our findings of the simulation and empirical analyses, 

demonstrating low reliabilities for all fear generalization indices. From a theoretical perspective, these 

reliabilities provide the upper limit for correlations with measures of individual levels of anxiousness. 

This also explains the relatively consistent correlations between questionnaires measures and mean 

response levels, since they were most robust in terms of test-retest reliability.  

Collectively, these findings raise the question of how the phenomenon of fear generalization can 

be adequately conceptualized and quantified. Fear generalization is typically defined as the extent to 

which the conditioned fear response is elicited by other, similar stimuli that have not predicted the US 

before (Dunsmoor & Murphy, 2015; Dunsmoor & Paz, 2015). For quantification, researchers 

predominantly relied on indices that describe the curvature (or deviation from linearity) of the fear 

generalization gradient. As shown above, however, it is difficult to condense this phenomenon to a 

single parameter. Considering only curvature parameters, for example, it is possible to imagine two 

parallel generalization gradients that are characterized by the same steepness, while one gradient 

constantly surpasses the other (see the comparisons between the top and bottom model case in Figure 

4). Since the upper gradient shows relatively higher responses to the CS+ as well as to the GS, one could 

argue that this participant showed both stronger fear responses and stronger fear generalization. Such 

variability would only be captured by mean response levels. One could also argue that both gradients 

share a similar extent of fear generalization, while the upper gradient is characterized by a generally 

higher sensitivity to threat, which may theoretically be independent of fear generalization or learning 

processes. However, since fear generalization indices are empirically not independent of basic 

parameters like mean response levels and CS differentiation, this narrow conceptualization of fear 

generalization might not be useful for future research on these processes. Therefore, we propose that 

threat responsiveness should be characterized more comprehensively by quantifying fear generalization 

gradients along with mean response levels and the differentiation between CS+ and CS−. Alternatively, 

model fitting approaches overcome this problem by using a set of free parameters. It is important to 

mention, however, that it is not always straightforward to interpret these parameters as their impact on 

the generalization gradient depends on the values of the other parameters. For example, in exponential 

models, the properties of the generalization gradient depend on the signs of both λ and n. Specifically, 

when λ and n are both positive, the minimum of the generalization gradient converges to the level 

defined by the vertical translation parameter. Conversely, if both λ and n are negative, the vertical 
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translation parameter represents the maximum of the generalization gradient. Similarly, in Gaussian 

models, the CS differentiation is integrated in the combination of all three parameters and cannot be 

read from a single parameter. Therefore, caution is warranted when interpreting single parameters from 

model fitting approaches as purely reflecting the degree of fear generalization. Instead, it might be 

preferable to examine the full set of parameters in future studies. Moreover, it seems promising to 

estimate parameter values based on hierarchical modeling that has been shown to improve test-retest 

reliabilities due to a regularization of individual measures (Waltmann et al., 2022; Zech et al., 2022). 

Although the current study provides a comprehensive overview and assessment of fear 

generalization measures, some limitations should be mentioned: First, our analyses relied on one 

standard preprocessing pipeline of all empirical data. Our simulation, however, suggests that some 

indices of fear generalization are highly sensitive to transformations of the response variables. For 

example, the GI shows less differentiation between generalization profiles with increasing scale 

restriction and might therefore be better suited for normalized compared to untransformed SCR 

amplitudes. The multitude of possible transformations, however, would quickly lead to an explosion of 

combinations to be analyzed. In the field of fear conditioning, these problems have begun to be 

addressed with the help of so-called multiverse or specification curve analyses (Kuhn et al., 2022; Lewis 

et al., 2023; Lonsdorf et al., 2022; Sjouwerman et al., 2022), that consider all equally plausible  

combinations of preprocessing and analysis approaches, providing a comprehensive comparison of the 

different (sets of) methodologies (Steegen et al., 2016). Similarly, applying a multiverse approach to fear 

generalization could be beneficial for further elucidating the impact of heterogeneity within the 

preprocessing and/or analysis approaches on the robustness and reliability of individual fear 

generalization parameters. Second, the current analyses relied on relatively homogeneous samples of 

young, healthy participants although higher variability as evident in more heterogeneous samples, might 

be beneficial for increasing reliability estimates. However, it is important to note that even in the 

current samples, we observed a substantial variability in questionnaire scores and fear generalization 

measures. Complying with the conceptualization of psychopathology as a continuum rather than a 

binary assignment to clinical or healthy groups (Cuthbert, 2014), the current study aimed at identifying 

to what degree individual differences in fear generalization are related to anxious personality traits. 

Since we largely failed to observe such a relationship, which was documented before (Sep et al., 2019), 

it seems relevant to replicate the current findings in patient groups. 
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To conclude, we identified substantial heterogeneity in the literature with respect to how fear 

generalization profiles are characterized on the individual level. We were, however, able to identify 

commonly used indices including the LDS, GI, and parameters extracted from model fitting approaches. 

Exploring their robustness against measurement noise, their test-retest reliability, and their validity in 

predicting anxiety psychopathology, we demonstrated a large conceptual overlap among indices but 

also a substantial sensitivity to measurement noise. None of the indices performed well in predicting 

individual anxiety levels as assessed by questionnaires. However, mean response levels, as a more 

general index of threat responsiveness, were more robustly associated with these questionnaire data. 

Taken together, the current results highlight the need for more systematic research on methodological 

aspects to better understand heterogeneity in the literature and to allow for informed decisions about 

how fear generalization could be reliably estimated from subjective and physiological data. In this vein, 

we propose to consider basic aspects of threat responsiveness alongside fear generalization indices to 

characterize individual differences in threat processing more comprehensively and thereby improve 

future research on risk factors for the etiology and maintenance of anxiety disorders. 
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Supplemental Figure 1. PRISMA Flowchart of Study Selection and Inclusion  
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Supplemental Table 1. Overview of the Studies for the Different Experimental Settings 

Reference Sample type Learning n. GSs Type of US Type of CS/GS US-contingency 

Studies including an arithmetic index to quantify fear generalization: LDS 
Imholze et al. (2023) Humans (N = 441) Differential cue 4 Desperate female 

scream 
Faces Acq.: 83% 

Test: 50% 
Kackurkin et al. (2017) Humans (N = 71) Differential cue  3 Electric stimulation Geometrical shapes Acq: 80% 

Test: 50% 
Lange et al. (2019) Youth (N = 113) Differential cue 5 Electric stimulation Geometrical shapes Acq.: 50% 

Test: n.a. 
Lange et al. (2017) Humans (N = 46) Differential cue 5 Electric stimulation Geometrical shapes Acq.: 66% 

Test: 50% 
Lissek et al. (2017) Humans (N = 48) Differential cue 8 Electric stimulation Geometrical shapes Acq: 75% 

Test: 50% 
Reuter & Gamer (2023) Humans (N = 44) Differential cue 4 Electric stimulation Faces Acq.: 75% 

Test: 50% 
Stegmann et al. (2019) Humans (N = 1175) Differential cue 4 Desperate female 

scream 
Faces Acq.: 83.3% 

Test: 50% 
Zhu et al. (2022) Humans (N = 114) Differential cue 3 Electric stimulation Geometrical shapes Acq.: 80% 

Test: 33% 

Studies including an arithmetic index to quantify fear generalization: GI 
Herzog et al. (2021) Humans (N = 80) Differential cue 4 Desperate female 

scream 
Faces Acq.: 83% 

Test: 50% 
Lenaert et al. (2016) Humans (N = 25) Differential cue 6 Symbol of electricity Faces Acq: 75% 

Test: 50% 
Mertens et al. (2021) Humans (N = 120) Differential cue 3 Electric stimulation Words Acq.: 75% 

Test: 50% 
Reinhard et al. (2022) Children (N = 188) Differential cue 4 Desperate female 

scream 
Faces Acq: 82% 

Test: 50% 
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Studies modelling a generalization gradient: Gaussian (tuning) models 
Dou et al. (2023) Humans (N = 58) Differential cue 6 Electric stimulation Geometrical shapes Acq: 75% 

Test: 10% 
Grosso et al. (2018) Rats (N = n.a.) Single cue 3 Electric stimulation Sounds Acq.: 100% 

Test: n.a. 
Kampermann et al. (2019) Humans (N = 74) Differential cue 6 Electric stimulation Faces Acq: 30% 

Test: n.a. 
Kausche et al. (2021) Humans (N = 64) Differential cue 6 Electric stimulation Faces Acq.: 30% 

Test: 30% 
Kausche et al. (2021b) Humans (N = 109) Differential cue 6 Electric stimulation Faces  Acq.: 23% 

Test: 23% 
Kausche et al. (2021a) Humans (N = 136) Differential cue 6 Electric stimulation Faces Acq.: 23% 

Test: 23% 
Onat & Büchel (2015) Humans (N = 29) Differential cue 6 Electric stimulation Faces Acq.: 30% 

Test: 30% 
Porter et al. (2021) Humans (N = 30) Differential cue 11 Electric stimulation Odors Acq: 75% 

Test: 0% 
Resnik & Paz (2015) Monkey (N = 2) Single cue 7 Odor Sounds Acq.: n.a. 

Test: n.a. 
Tuominen et al. (2019) Humans (N = 38) Differential cue 5 Electric stimulation Faces Acq.: 62.5% 

Test: 100% 
Wang et al. (2022) Humans (N = 62) Differential cue 8 Aversive pictures Geometrical shapes Acq: 75% 

Test: 50% 
Zaman et al. (2023) Humans (N = n.a.) Differential cue 9 Electric stimulation Colors Acq.: 75% 

Test: n.a. 
Zaman et al. (2019) Humans (N = 133) Single cue 7 Aversive pictures Geometrical shapes Acq.: 80% 

Test: n.a. 
Zaman et al. (2019) Humans (N = 43) Single cue 7 Electric stimulation Geometrical shapes Acq.: 50% 

Test: n.a. 
Zenses et al. (2021) Humans (N = 40) Single cue 7 Electric stimulation Geometrical shapes Acq.: 80% 

Test: 80% 
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Studies modelling a generalization gradient: Quadratic-linear models 
Cha et al. (2016) Humans (N = 51) Differential cue 6 Electric stimulation Geometrical shapes Acq: 100% 

Test: 50% 
Cha et al. (2014) Humans (N = 54) Differential cue 6 Electric stimulation Geometrical shapes Acq.: 100% 

Test: 50% 
Cha et al. (2014) Humans (N = 54) Differential cue 6 Electric stimulation Geometrical shapes Acq.: 100% 

Test: 50% 
Dunning et al. (2015) Humans (N = 115) Single cue 6 Electric stimulation Geometrical shapes Acq.: n.a. 

Test: 80% 
El-Bar et al. (2017) Youth (N = 40) Differential cue  12 Loss of points Sounds Acq: 100% 

Test: 0% 
Hammell et al. (2020) Humans (N = 52) Differential cue  3 Electric stimulation Geometrical shapes Acq: 80% 

Test: 33% 
Laufer et al. (2016) Humans (N = 44) Differential cue  12 Loss of money Sounds  Acq: 100% 

Test: 0% 
Wickens et al. (1954) Humans (N = 144) Single cue 2 Electric stimulation Sounds Acq: 100% 

Test: 0% 
Zaman et al. (2023) Humans (N = 105) Differential cue  12 Symbol of electricity Color Acq: 75% 

Test: 75% 
Zaman et al. (2021) Humans (N = 200) Differential cue  10 Aversive pictures Geometrical shapes Acq: 87.5% 

Test: n.a. 

Studies examining the amount of generalization on the group level: ANOVA-based linear and quadratic trends 
Ahmed et al. (2015) Humans (N = 59) Differential cue 2 Electric stimulation Geometrical shapes Acq: 100% 

Test: n.a. 
Dunsmoor et al. (2017) Humans (N = 42) Differential cue  6 Electric stimulation Sounds Acq: 40% 

Test: 42% 
Glenn et al. (2021) S1: Youth (N = 16) 

S2: Youth (N = 20) 
Differential cue 4 Desperate female 

scream 
Faces and bells Acq.: 80% 

Test: 80% 
Glenn et al. (2012) Children (N = 40) Differential cue  1 Desperate female 

scream 
Faces Acq: 75% 

Test: 75% 
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Greenberg et al. (2010) S1: Humans (N = 32) 
S2: Humans (N = 25) 

Differential cue 6 Electric stimulation Geometrical shapes Acq: instructed 
Test: 50% 

Klein et al. (2023) Humans (N = 61) Differential cue 5 Alarm sounds Colored cartoons Acq: 80% 
Test: n.a. 

Klein et al. (2020) Youth (N = 74) Differential cue 9 Alarm sound Colored cartoons  Acq: 100% 
Test: 0% 

Lange et al. (2019) Humans (N = 94) Single cue 5 Electric stimulation Geometrical shapes Acq: 66% 
Test: 50% 

Lee et al. (2018) Humans (N = 71) Single vs. Differential 
cue  

10 Electric stimulation Geometrical shapes Acq: 75% 
Test: 75% 

Lissek et al. (2010) Humans (N = 38) Differential cue  8 Electric stimulation Geometrical shapes Acq: 75% 
Test: 50% 

Lissek et al. (2008) Humans (N = 20) Differential cue  8 Electric stimulation Geometrical shapes Acq: 75% 
Test: 50% 

Manbeck et al. (2022) Humans (N = 71) Differential cue 3 Electric stimulation Geometrical shapes Acq: 50% 
Test: 75% 

Michalska et al. (2016) Children (N = 48) Differential cue  9 Sound Colored cartoons Acq: 80% 
Test: 0% 

Niederstrasser et al. (2017) Humans (N = 48) Differential cue 5 Electric stimulation Movements of the 
harm 

Acq: 75% 
Test: 50% 

Philips et al. (1958) Humans (N = 21) Single cue 4 Sound Colored words Acq: 100% 
Test: 0% 

Roesmann et al. (2022) Humans (N = 90) Differential cue 7 Phobic pictures Gabors Acq: 33% 
Test: 33% 

Struyf et al. (2018) Humans (N = 84) Differential cue  2 Electric stimulation Faces Acq: 75% 
Test: 0% 

Vandael et al. (2023) Humans (N = 50) Differential cue 5 Electric stimulation Colored lights Acq: 100% 
Test: n.a. 

Vandael et al. (2020) Humans (N = 50) Differential cue  5 Electric stimulation Movement trajectory Acq: 75% 
Test: 50% 

Van Meurs et al. (2014) Humans (N = 50) Differential cue  6 Electric stimulation Geometrical shapes Acq: 50% 
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Test: 50% 

Vervliet et al. (2006) S1: Humans (N = 58) 
S2: Humans (N = 46) 

Differential cue 6 Aversive pictures Geometrical shapes Acq: 100% 
Test: 0% 

Zoladz et al. (2022)   Humans (N = 291) Differential cue 7 Air-blast Geometrical shapes Acq: 100% 
Test: 0% 

Studies examining the amount of generalization on the group level: Quadratic and (difference of) Gaussian contrast comparisons 
Antov et al. (2020) Humans (N = 19) Differential cue 6 White noise Gabor Acq.: 100% 

Test: 0% 
Friedl et al. (2021) Humans (N = 51) Differential cue 4 Noxious noise Gabors Acq: 100% 

Test: n.a. 
McTeague et al. (2015) Humans (N = 15) Differential cue 6 White noise Gabor Acq.: 100% 

Test: 0% 
Plog et al. (2022) Humans (N = 40) Differential cue 4 Sound Gabors Acq: 66% 

Test: n.a. 
Stegmann et al. (2020) Humans (N = 67) Differential cue 4 Desperate female 

scream 
Faces Acq.: 80% 

Test: 40% 

Studies examining the amount of generalization on the group level: Hierarchical models including quadratic terms 
Ginat-Frohlich et al. (2019) Children (N = 46) Differential cue 11 White noise Colored cartoons Acq.: 80% 

Test: n.a. 
Ginat-Frohlich et al. (2017) Children (N = 70) Differential cue 9 White noise Colored cartoons Acq.: 80% 

Test: 0.1% 
Keefe et al. (2022) Humans (N = 108) Differential cue  3 Electric stimulation Geometrical shapes Acq: 100% 

Test: n.a. 
Lommen et al. (2017) Humans (N = 78) Differential cue  6 Electric stimulation Geometrical shapes Acq: 100% 

Test: 100% 
Meulders et al. (2017) Humans (N = 60) Differential cue 5 Electric stimulation Movement of the 

harm 
Acq.: 75% 
Test: 75% 

Studies examining the amount of generalization on the group level: Various types of regression models 
Dos Santos et al. (2019) Rats (N = 232) Single context 1 Electric stimulation Cage Acq.: 100% 
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Test: n..a. 

Fan et al. (2022) Humans (N = 88) Differential cue 4 Electric stimulation Animal pictures Acq: 100% 
Test: 0% 

Michalska et al. (2016) Children (N = 48) Differential cue 9 White noise Colored cartoons Acq: 80% 
Test: 0% 

Nelson et al. (2015) Humans (N = 48) Single cue 3 Electric stimulation Geometrical shapes Acq.: 100% 
Test: 100% 

Schroijen et al. (2015) Humans (N = 43) Differential cue 4 Breathing occlusion Breathing pressure Acq: 88% 
Test: 100% 

Struyf et al. (2017) Humans (N = 168) Differential cue 8 Aversive pictures Geometrical shapes Acq: 100% 
Test: n.a. 

Zaman et al. (2016) Human (N = 60) Single cue 3 Electric stimulation Interoceptive 
sensation 

Acq.: 75% 
Test: n.a. 

Studies reporting an index to quantify fear generalization, but without considering the generalization stimuli 
Kass et al. (2017) Mice (N = 66) Single cue 4 Electric stimulation Odors Acq.: 100% 

Test: 0% 
Kopp et al. (2005) Humans (N = 48) Differential cue 9 Electric stimulation Phobic animals Acq.: 80% 

Test: 0% 
Liu et al. (1971) Rabbits (N = 40) Both differential and 

single cue 
4 Electric stimulation Sounds Acq: 50%-100% 

Test: n.a. 
Miasknikov et al. (2009) Children (N = 59) Differential cue 9 Sound Colored cartoons Acq: 80% 

Test: n.a. 
Scarlata et al. (2019) S1: Mice (N = 27) 

S2: Mice (N = 12) 
Single cue 1 Electric stimulation Sounds Acq: 100% 

Test: 0% 
Torrents-Rodas et al. 
(2014) 

Humans (N = 71) Differential cue  8 Electric stimulation Geometrical shapes Acq: 75% 
Test: 50% 

You et al. (2022) Humans (N = 29) Differential cue 30 Picture + audio of 
vomiting 

Odors Acq: 100% 
Test: 71.4% 
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Studies reporting a discrimination index before learning: just noticeable difference (JND) 
Dou et al. (2021) Humans (N = 63) Differential cue 4 Electric stimulation Faces Acq.: 75% 

Test: 50% 
El-Bar et al. (2017) Youth (N = 40) Differential cue  12 Loss of points Sounds Acq: 100% 

Test: 0% 
Holt et al. (2014) Humans (N = 47) Differential cue 5 Electric stimulation Faces Acq.: 63% 

Test: 100% 
Levine et al. (2021) Humans (N = 21) Differential cue 30 Electric stimulation Animals, Tools, 

Fruits/Vegetables 
Acq.: 50% 
Test: n.a. 

Shalev et al. (2018) Humans (N = 315) Differential cue  1 Aversive pictures Gabor patchs + 
sounds 

Acq: 100% 
Test: n.a. 

Tuominen et al. (2021) Humans (N = 37) Differential cue 5 Electric stimulation Faces Acq.: 62.5% 
Test: 100% 
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Supplemental Figure 2. Unsystematic Variance between Pairs of Gradients drawn from the Same True Scores for Various Generalization Indices 

Separated by Model Case and Noise Level  

   
Note. LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = exponential model fit, linquad = quadratic polynomial 

model fit, % = relative importance of the linear compared to the quadratic term. Please note, that the LDS and the λexp are inverted for better 

comparability. 
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Supplemental Table 2. Normalized Range Covered by Each Generalization Index per Model Case 

Case LDS GI σGauss λexp %linquad 

full 1 0.76 1 1 1 

bottom 0.50 0.67 1 0.99 1 

middle 0.50 0.47 0.99 0.99 1 

middle low diff 0.25 0.26 1 0.98 1 

top 0.50 0.36 1 0.99 1 

Note. LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = exponential 

model fit, linquad = quadratic polynomial model fit, % = relative importance of the linear compared to the 

quadratic term. 

 

 

Empirical analysis: Reliability and validity of fear generalization indices 

Methods 

Samples  

The first sample consisted of 1,175 healthy participants, who completed a differential fear 

acquisition phase followed by a generalization test (Stegmann et al., 2019). Exclusion criteria included 

left-handedness, non-Caucasian descent, intake of psychoactive medication, excessive consumption of 

alcohol, nicotine, and caffeine, consumption of illegal drugs, severe medical diseases, current and/or 

lifetime diagnosis of mental disorders, or being pregnant. The second sample (n = 256) was recruited 

using similar criteria and underwent the same fear generalization paradigm, except that a discrimination 

training took place between the first and second block of the generalization phase (Herzog et al., 2021). 

For that reason, only the data of the first block from the second sample was used for the analyses. 

Descriptive statistics of both samples are reported in Suppl. Table 3. 

All participants were screened for dimensional anxiety using the German trait version of the 

State-Trait Anxiety Inventory (Laux & Spielberger, 1981), the Anxiety Sensitivity Index 3 (Kemper et al., 

2009; Taylor et al., 2007), the Agoraphobic Cognitions Questionnaire (Chambless et al., 1984; Ehlers et 

al., 2001), the Liebowitz Social Anxiety Scale (Liebowitz, 1987; Stangier & Heidenreich, 2004), and the 

Social Phobia and Anxiety Inventory (Beidel et al., 1989). The Childhood Trauma (Bernstein et al., 2003; 

Wingenfeld et al., 2010) was used for a retrospective assessment of childhood maltreatment. We 

calculated sum scores for all measures of trait anxiousness. All volunteers gave written informed consent 

and were paid 50 Euros. All procedures complied with the Declaration of Helsinki (Version 2008) and the 

studies were approved by the ethics committees of the involved Universities. 
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Supplemental Table 3. Summary of the Sample Characteristics 

Note. M = mean, SD = standard deviation, Min = Minimum, Max = Maximum, STAI-T = State-Trait Anxiety 

Inventory – Trait, ASI-3 = Anxiety Sensitivity Index 3, ACQ = Agoraphobic Cognition Questionnaire, SPAI = 

Social Phobia Anxiety Index, LSAS = Liebowitz Social Anxiety Scale, CTQ = Childhood Trauma Questionnaire.  

 

Fear acquisition and generalization tasks 

Participants completed a differential fear conditioning and generalization paradigm adapted 

from Lau et al. (2008), in which two female faces with neutral expression served as CS. The paradigm 

consisted of three phases: During pre-acquisition each of the two faces was singularly presented four 

times each for a duration of 6 s each (8 trials). In the acquisition phase, both faces were presented 12 

times each (24 trials). Ten presentations of one face (CS+) were followed by the US, consisting of a 

fearful facial expression of the same person with a simultaneous presentation of a 95 dB loud female 

scream for a duration of 1.5 s. Participants were not instructed about the CS-US contingencies and the 

assignment of faces to CS+ and CS− was counter-balanced across participants. During the generalization 

test, four generalization stimuli (GS) were presented in addition to the CSs. Generalization stimuli were 

morphs of the original CS faces in 20% steps. Each stimulus was presented 12 times (72 trials). Half of 

CS+ presentations were paired with the US to prevent extinction. After the first half and at the end of the 

acquisition as well as of the generalization phase, participants were asked to rate the faces regarding 

valence, arousal (both 9-point Likert-scales; from 1 = very unpleasant/ very calm to 9 = very pleasant/ 

very arousing) and US-contingency (11-point Likert-scale; from 0 to 100% in 10% increments). Please 

note that valence ratings were inverted for subsequent analyses to increase comparability. Skin 

conductance was continuously recorded throughout the whole experimental paradigm. 

 
 Sample 1 

(n = 1,175) 
 Sample 2 

(n = 256) 
  M SD Min Max  M SD Min Max 

Age (years)  25.7 5.9 18.0 50.0  24.0 5.2 18.0 50.0 
STAI-T  34.6 8.2 20.0 67.0  35.7 8.6 20.0 59.0 
ASI-3  12.1 8.3 0.0 48.0  15.1 9.5 0.0 48.0 
ACQ  1.3 0.2 1.0 2.7  1.4 0.3 1.0 2.4 

PSWQ  40.4 9.8 17.0 73.0  42.2 10.7 21.0 75.0 
SPAI  33.2 17.0 0.0 103.7  36.1 18.0 2.7 118.0 
LSAS  21.4 15.3 0.0 90.0  25.5 16.4 0.0 98.0 
CTQ  32.1 8.1 25.0 97.0  32.9 10.1 25.0 87.0 
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Physiological data processing 

Skin conductance was measured at the thenar and hypothenar eminences of the participant’s 

left hand with Ag/AgCl electrodes, using a constant-voltage system (0.5 V). Signals were amplified and 

recorded using a V-Amp-16 and Vision Recorder software (Brainproducts, Gilching, Germany) at a 

sampling rate of 1,000 Hz. Offline data processing within the Vision Analyzer 2 software included filtering 

with a high cutoff filter of 1 Hz and a notch filter of 50 Hz. Skin conductance responses to CS+, CS- and 

the GS were analyzed by quantifying SCR amplitudes as the base-to-peak difference in μS between 

response onset (900–4,000 ms after stimulus onset) and peak (2,000–6,000 ms after stimulus onset; 

Boucsein et al., 2012). A minimum response criterion of 0.02 μS was applied, with lower responses 

scored as 0. To compensate for the skewed distribution of SCR amplitudes, we employed a square-root 

transformation.  
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Supplemental Table 4. Summary of Generalization Indices and Model Parameters of Study 1 (n = 1175) and Study 2 (n = 256) 

Study 1 Arousal ratings  Skin conductance responses  Unpleasantness ratings  US expectancy ratings 

 Mean S.D. Min Max NAs  Mean S.D. Min Max NAs  Mean S.D. Min Max NAs  Mean S.D. Min Max NAs 

Level 3.78 1.27 1.00 7.83 0  0.10 0.09 0.00 0.67 0  4.49 1.05 1.17 8.08 0  3.94 1.51 1.00 9.58 0 

Diff 3.27 2.30 -5.00 8.00 0  0.05 0.11 -0.30 1.05 0  2.76 2.41 -5.00 8.00 0  6.00 2.60 -5.00 10.00 0 

LDS 0.70 1.09 -4.25 5.62 0  0.01 0.05 -0.17 0.32 0  0.75 1.07 -3.12 5.00 0  1.77 1.38 -2.75 7.25 0 

GI 2.57 1.15 0.56 15.00 0  4.60 5.55 0.00 92.00 126  2.81 1.03 0.44 11.20 0  1.71 0.87 0.36 7.00 0 

Gaussian model fit:                   

σ 2.22 2.81 0.20 14.30 0  4.71 2.58 0.20 14.40 0  2.18 2.85 0.20 13.60 0  1.32 1.61 0.19 13.20 0 

b 54.80 170.00 -1000 1000 0  -0.21 3.81 -43.5 20.30 0  45.1 153.00 -1000 1000 0  30.10 106.00 -1000 1000 0 

a 0.69 6.41 -35.20 32.40 0  0.09 0.19 -0.71 1.77 0  1.87 6.07 -35.00 32.90 0  1.41 4.36 -40.30 37.50 0 

R² 0.83 0.18 0.00 1.00 18  0.27 0.27 0.00 1.00 42  0.75 0.29 0.00 1.00 30  0.92 0.14 0.00 1.00 13 

Exponential model fit:                   

λ 0.56 0.57 0.00 2.00 0  0.11 0.23 0.00 1.14 0  0.58 0.59 0.00 1.94 0  0.82 0.62 0 2 0 

b 6.51 11.80 0.00 62.40 0  1.45 1.41 0.00 3.36 0  5.42 10.30 0.00 55.60 0  3.80 9.62 0 67.50 0 

a -4.36 12.20 -59.20 6.85 0  -1.37 1.43 -3.21 0.41 0  -2.31 10.80 -55.10 7.34 0  -2.24 9.84 -65.80 9.58 0 

R² 0.80 0.22 0.00 1.00 101  0.35 0.30 0.00 0.99 357  0.77 0.24 0.00 1.00 144  0.90 0.14 0.01 1.00 25 

Quadratic polynomial model fit:                   

c 0.15 0.22 -0.76 1.10 0  0.00 0.01 -0.03 0.06 0  0.16 0.21 -0.62 0.99 0  0.36 0.26 -0.54 1.43 0 

b -0.40 1.56 -7.72 5.87 0  -0.01 0.06 -0.38 0.24 0  -0.56 1.55 -6.97 5.26 0  -1.41 1.81 -10.00 5.64 0 

a 2.90 2.35 -3.95 14.80 0  0.09 0.12 -0.20 0.79 0  4.06 2.51 -3.45 14.40 0  3.34 2.44 -3.60 18.60 0 

%linquad 0.47 0.06 0.40 0.60 18  0.51 0.07 0.40 0.60 20  0.47 0.06 0.40 0.60 29  0.45 0.05 0.40 0.60 13 

R² 0.83 0.18 0.01 1.00 18  0.45 0.28 0.00 1.00 20  0.81 0.20 0.01 1.00 29  0.88 0.11 0.14 1.00 13 
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Study 2 Arousal ratings  Skin conductance responses  Unpleasantness ratings  US expectancy ratings 

 Mean S.D. Min Max NAs  Mean S.D. Min Max NAs  Mean S.D. Min Max NAs  Mean S.D. Min Max NAs 

Level 4.33 1.49 1.00 8.25 0  0.19 0.18 0.00 0.97 0  4.49 1.05 1.17 8.08 0  3.48 1.48 1.00 8.5 0 

Diff 3.93 2.12 -1.50 8.00 0  0.07 0.33 -1.45 1.14 0  3.30 2.52 -7.50 8.00 0  5.80 2.61 -4.50 10.00 0 

LDS 0.62 1.11 -3.62 4.12 0  0.01 0.18 -0.49 0.72 0  0.37 1.12 -3.00 3.88 0  1.59 1.57 -5 5 0 

GI 2.51 0.90 0.56 5.17 0  4.94 6.49 0.00 51.6 85  3.10 2.21 0.50 28.00 0  1.80 1.56 0.36 12.60 0 

Gaussian model fit:                   

σ 2.38 2.58 0.20 10.80 0  4.43 3.21 0.20 12.30 0  3.22 3.37 0.20 12.00 0  1.19 1.29 0.20 10.40 0 

b 71.20 160.00 -90.50 1000 0  -5.01 46.00 -390 105 0  98.60 207.0 -372.0 1000 0  29.70 96.20 -7.02 1000 0 

a 0.25 6.57 -37.30 8.76 0  0.32 1.57 -3.39 13.40 0  -0.16 8.20 -38.30 14.90 0  1.03 3.60 -32.80 7.87 0 

R² 0.88 0.18 0.06 1.00 7  0.26 0.27 0.00 1.00 16  0.78 0.27 0.00 1.00 5  0.92 0.15 0.00 1.00 1 

Exponential model fit:                   

λ 0.51 0.57 0.00 1.86 0  0.13 0.29 0.00 1.23 0  0.45 0.56 0.00 1.87 0  0.82 0.65 0.00 1.91 0 

b 9.23 13.60 0.00 63.30 0  1.76 1.53 0.00 10.30 0  9.52 13.60 0.00 68.20 0  4.56 10.50 0.00 63.20 0 

a -6.91 14.00 -63.00 7.53 0  -1.63 1.56 -10.40 0.64 0  -6.44 14.20 -66.60 6.99 0  -3.46 10.60 -62.40 6.29 0 

R² 0.85 0.19 0.09 1.00 10  0.28 0.27 0.00 0.95 96  0.78 0.25 0.00 1.00 21  0.88 0.17 0.05 1.00 4 

Quadratic polynomial model fit:                   

c 0.13 0.22 -0.74 0.78 0  0.00 0.03 -0.14 0.13 0  0.07 0.22 -0.61 0.75 0  0.34 0.29 -1.03 0.89 0 

b -0.12 1.59 -5.54 6.29 0  0.01 0.25 -1.10 0.94 0  0.14 1.57 -5.72 5.64 0  -1.26 1.92 -5.59 7.56 0 

a 2.80 2.43 -4.85 13.80 0  0.15 0.42 -0.84 2.17 0  3.23 2.45 -4.10 14.40 0  2.71 2.19 -5.55 11.20 0 

%linquad 0.48 0.06 0.40 0.60 6  0.50 0.07 0.40 0.60 16  0.49 0.06 0.40 0.60 5  0.45 0.05 0.40 0.60 1 

R² 0.86 0.17 0.03 1.00 6  0.38 0.25 0.00 0.97 16  0.82 0.19 0.09 1.00 5  0.85 0.13 0.12 1.00 1 

Note. S.D. = standard deviation, Min = minimum, Max = maximum, NAs = number of missing values, LDS = linear deviation score, GI = generalization 

index, R² = explained variance of the individual generalization gradients. Note that missing values in R² are due to either the observed or the 

estimated data being on a flat line resulting in zero variance, linquad = quadratic polynomial model fit, % = relative importance of the linear 

compared to the quadratic term.
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Supplemental Figure 3. Correlations Between Different Indices of Fear Generalization (Panel A) and their 

Correlations with Basic Indices of Threat Responsiveness (Panel B) for Unpleasantness and US Expectancy 

Ratings. 

 
Note. LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = 

exponential model fit, linquad = quadratic polynomial model fit, % = relative importance of the linear 

compared to the quadratic term, Level = mean response level, Diff = CS differentiation. Statistically 

significant correlations are printed in black. Please note that the LDS and the λexp are inverted for better 

comparability. 
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Supplemental Figure 4. Correlations Between Various Parameters of the First and Second Half of the 

Fear Generalization Phase for Unpleasantness and US Expectancy Ratings 

 
Note. LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = 

exponential model fit, linquad = quadratic polynomial model fit, % = relative importance of the linear 

compared to the quadratic term, Level = mean response level, Diff = CS difference. Statistically 

significant correlations are printed in black. Please note that the LDS and the λexp are inverted for better 

comparability. 
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Supplemental Figure 5. Correlations Between Trait Measures of Anxiety Psychopathology and Indices of 

Fear Generalization (Panel A) as well as Basic Indices of Fear Responsiveness (Panel B) for 

Unpleasantness and US Expectancy Ratings 

 
Note. STAI-T = State-Trait Anxiety Inventory – Trait, ASI-3 = Anxiety Sensitivity Index 3, ACQ = 

Agoraphobic Cognition Questionnaire, SPAI = Social Phobia Anxiety Index, LSAS = Liebowitz Social 

Anxiety Scale, CTQ = Childhood Trauma Questionnaire, LDS = linear deviation score, GI = generalization 

index, Gauss = Gaussian model fit, exp = exponential model fit, linquad = quadratic polynomial model fit, 

% = relative importance of the linear compared to the quadratic term, Level = mean response level, Diff 

= CS differentiation. Statistically significant correlations are printed in black. Please note that the LDS 

and the λexp are inverted for better comparability.  
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Supplemental Figure 6. Comparison of Correlations Among Gradient Curvature Parameters Between the 

First Sample and the Second Sample 

 

Note. LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = 

exponential model fit, linquad = quadratic polynomial model fit, lin_imp = relative importance of the 

quadratic compared to the linear term. Dashed lines indicate statistical significance at p < .05. 
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Supplemental Figure 7. Comparison of Correlations Among Gradient Curvature Parameters and Basic 

Parameters of Fear Generalization Between the First Sample and the Second Sample 

 

Note. LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = 

exponential model fit, linquad = quadratic polynomial model fit, lin_imp = relative importance of the 

quadratic compared to the linear term, Mean = mean response level, Dif = CS difference. Dashed lines 

indicate statistical significance at p < .05. 
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Supplemental Figure 8. Comparison of Correlations Among Gradient Curvature Parameters and Trait 

Measures of Anxiety Psychopathology Between the First Sample and the Second Sample.  

 
Note. LDS = linear deviation score, GI = generalization index, Gauss = Gaussian model fit, exp = 

exponential model fit, linquad = quadratic polynomial model fit, lin_imp = relative importance of the 

quadratic compared to the linear term, STAI-T = State-Trait Anxiety Inventory – Trait, ASI-3 = Anxiety 

Sensitivity Index 3, ACQ = Agoraphobic Cognition Questionnaire, SPAI = Social Phobia Anxiety Index, 

LSAS = Liebowitz Social Anxiety Scale, CTQ = Childhood Trauma Questionnaire. Dashed lines indicate 

statistical significance at p < .05. 
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Supplemental Figure 9. Comparison of Correlations Among Basic Parameters and Trait Measures of 

Anxiety Psychopathology Between the First Sample and the Second Sample 

 

Note. Mean = mean response level, Dif = CS difference, Gauss = Gaussian model fit, exp = exponential 

model fit, linquad = quadratic polynomial model fit, STAI-T = State-Trait Anxiety Inventory – Trait, ASI-3 = 

Anxiety Sensitivity Index 3, ACQ = Agoraphobic Cognition Questionnaire, SPAI = Social Phobia Anxiety 

Index, LSAS = Liebowitz Social Anxiety Scale, CTQ = Childhood Trauma Questionnaire. Dashed lines 

indicate statistical significance at p < .05. 
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