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Abstract 

Social transmission of fear is an essential neurobiological and behavioral function in 

social animals that allows for survival of environmental threat and danger. This study examines 

the role of the anterior cingulate cortex (ACC) in observationally conditioned freezing behavior 

during a social active avoidance task, using an optogenetic manipulation. Rodents were 

intracranially injected with either a target (ArchT) or control (eYFP) adeno-associated virus 

(AAV) and implanted with fiber optic probes in their ACC. Following recovery and virus 

maturation, rodents trained for 10 days and were then tested using optogenetic photoinhibition of 

the ACC across two days, counter-balanced across solo and social context. Our findings 

concurred with prior research, as inhibition of ACC function after acquisition of socially 

transmitted fear did not reduce freezing behavior. Following experimental data collection, 

distributional analysis emphasized the necessity of transforming non-normal data to ensure 

accurate statistical models, with our data revealing significant results in non-transformed data 

disappearing upon normalization. Additionally, test-retest reliability was affirmed for the 

dependent measures of time freezing and lever pressing, while the measure of time on platform 

displayed weaker reliability. An important analytical revelation was the risk of overlooking 

interaction analysis in behavioral neuroscience data modeling. The study underscores the 

significance of interaction modeling in behavioral neuroscience data analysis, as improper 

analysis of the study data again resulted in misleading conclusions. We advocate for rigorous 

analytical practices in neuroscience and emphasize that proper data modeling is indispensable for 

producing reliable research outcomes. Future endeavors should further investigate ACC's role in 

observationally conditioned fear, potentially by inactivating the ACC during training phases to 

corroborate findings from preceding studies. 
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Chapter 1 – Introduction 

Overview 

 The goal of this thesis is to consider the strengths and weaknesses of investigating 

different analytical approaches to understanding the relationship between the anterior cingulate 

cortex and active avoidance within a social context using a rodent model of active avoidance 

(platform mediated avoidance). Behavioral neuroscience data present numerous challenges that 

are best addressed using contemporary statistical approaches.  Challenges include the use of 

multiple measures (time freezing, lever presses, and time on platform) distributional properties of 

the dependent measures, the shared and unique variance across these measures, and assessing the 

effect of training on test day performance and the sensitivity of each of the outcome measures to 

the manipulation. 

 The presentation entails two separate introductory sections. First, this thesis will examine 

the previous research findings as they relate to avoidance behavior, active and passive avoidance, 

socially transmitted fear and safety, and the role of the anterior cingulate cortex in the 

transmission of fear and safety as suggested by previous research. This section will establish the 

origins of the archival data used in the following section and the research questions that the 

analyses should address.  Second, the analytical approaches that were undertaken will be 

explained, including the previous postulations for the interrelatedness of the dependent variables 

(DVs) that will serve as the basis for examining the shared and unique variance across these 

variables, the analytical approach of using behavioral training data to statistically account for test 

day performance (with the additional aim of probing measure reliability), and finally the 

motivation for the comparison of a traditional statistical approach to behavioral neuroscience 

data relative to a modeling approach informed by modern statistical theory and practices.  
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Section One: Active Avoidance, Anterior Cingulate Cortex, and Social Communication of 

Fear 

Active Avoidance and Observational Learning  

The experience of threat is commonplace in life, as is social signaling of that threat. 

Often, the conditioned stimulus (CS) associated with a threat coincides closely with the CS of the 

social threat warning (Debiec & Olsson, 2017). In natural environments, learning and 

communication of environmental dangers and threat, such as those related to predation, begins 

early. These early experiences can result in environmentally attuned behavioral patterns that 

promote survival and genetic fitness (Ellis & Jackson, 2006; Frankenhuis & Del Giudice, 2012). 

A prime example of one such behavior is active avoidance. Active avoidance of threat occurs 

when a CS that has been previously associated with danger triggers an avoidance behavior. We 

learn early on what things are dangerous in the world (such as traffic in a busy street), and how 

to avoid those dangers. For example, while waiting at a traffic light people use social cues (eye 

contact, crowd movement, verbal cues) as well as previously learned associations (traffic lights 

signaling when to stop or go, cars honking, etc.).   

Correctly perceiving and avoiding threats is highly adaptive. However, avoidance can 

become maladaptive (Frankenhuis & Del Giudice, 2012). Maladaptive avoidance is a core 

symptom in those with anxiety and impulse control related disorders, such as post-traumatic 

stress disorder (PTSD) and obsessive-compulsive disorder (OCD) (American Psychiatric 

Association, 2013), and OCD has been associated with increased avoidance behavior relative to 

non-OCD subject (Gillan et al., 2016). While treatments have been developed to address these 

disorders, the neuronal pathways associated with maladaptive avoidance are still being 

characterized (Dymond, 2019).  
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Social learning and signaling of danger present in the immediate environment are also 

essential for survival. Early on, children encounter and engage in many dangerous situations that 

provoke a behavioral response from those around them (Boyer & Bergstrom, 2011). Caretakers 

often strongly signal these hazards as imminent dangers, aligning with findings of heightened 

physiological reactions to observed fear in children, compared to adolescents and adults 

(Skersky-Blocq, Pine, & Shechner, 2021). Such training with social cues begins in infancy even 

for rats, evidenced by the mother's ultrasonic vocalizations (USVs) to her offspring (Hofer, 

1996). Continuing into adulthood, observational learning plays an important role in daily life. 

Direct experience with danger carries a great deal of risk, whereas leveraging others' experiences 

through social learning of fear is considerably less risky (Bandura, 1982).  

In both human and animal studies, the predominant approach to modeling social signals 

related to danger is an observational learning paradigm (Maccoby, & Wilson, 1957; Russo, 1975; 

Olsson, Nearing, & Phelps, 2007; Yusufishaq, Rosenkranz, 2013; Han et al., 2019). These 

methodologies typically involve pairing an observer with a demonstrator. The demonstrator 

undergoes a behavioral task or conditioning trial, after which the observer's performance in the 

same behavior is tested (Russo, 1975; Jouventin, Pasteur, & Cambefort, 1977), or the 

observationally conditioned association is examined (Olsson, Nearing, & Phelps, 2007; Smith, 

Asada, & Malenka, 2021). 

Introduction to Active Avoidance  

Many active avoidance behavioral paradigms use a warning signal (WS; like a tone) that 

predicts the onset of an aversive stimulus (US). The most common of these procedures is the 

two-way shuttle avoidance task (Mowrer, 1939; Kamin, Brimer, & Black, 1963). In this task, 

rodents, when shocked on one side of a two-chambered setup, instinctively escape to the 
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opposite side, typically by running or jumping. Over time, the rodent learns to shuttle between 

the chambers to preemptively avoid the shock. This action terminates the warning signal as well. 

Initially, rodents learn the Pavlovian tone-shock association, often demonstrated by conditioned 

freezing. After establishing this association, they begin to actively avoid potential dangers upon 

recognizing a conditioned stimulus (CS). 

In other avoidance paradigms, rodents must press a lever (Servatius et al., 2008) or 

activate a wheel (Maren, Poremba, & Gabriel, 1991) to terminate the tone, and subsequently the 

shock. There are limitations of these approaches, and the shuttle box procedure previously 

mentioned, such as the lack of a permanent safe location. In shuttle avoidance, the animal 

experiences the shock US in both chambers at different times. So regardless of which side the 

animal is on, there is always a chance that they may be on the dangerous side. Another issue is 

the ecological validity of paradigms with no cost of avoidance. There is no opportunity that is 

actively failing to be realized when engaging in avoidance behavior in these paradigms. This is 

especially important when considering clinically maladaptive avoidance, as persistent avoidance 

results in the sacrifice of physical and social needs through missed opportunities. This balance of 

motivational factors (reward vs. avoidance) should be reflected in the experimental study of 

active avoidance.  

The Platform-Mediated Avoidance (PMA) task addresses these two issues of ecological 

validity (safe location and cost) by providing a consistent safe haven (the platform), and 

motivation to leave the safety of the platform to engage in opportunities present in the 

environment (lever pressing for a food reward). Thus, both reward and potential missed 

opportunities are possible. This dichotomy between avoidance of threat or pursuit of reward 

creates a more realistic and relevant experimental model than previous active avoidance 



5 
 

paradigms (Diehl, Bravo-Rivera, & Quirk, 2019). Platform-Mediated Avoidance has been used to 

model a common OCD treatment, response prevention, in rats (Martínez-Rivera et al., 2020; 

Rodriguez-Romaguera et al., 2016), 

Despite how essential avoidance learning is for survival, and how detrimental 

maladaptive avoidance can be in people, the field remains relatively understudied compared to 

fear conditioning. While the simple nature of Pavlovian fear conditioning does lend itself to 

robust neurobiological findings, the generalizability of those findings has been called into 

question (Paré and Quirk, 2017). And while tremendous strides outlining the neurobiology 

involved conditioned fear since the 1950s have been made, the amount of avoidance research 

(and associated neurobiology) published at the same time is several orders magnitude less (Cain, 

2019).  

Social Transmission of Fear and Safety 

When encountering a threat, rodents manifest autonomic responses such as fleeing 

(Bolles, 1970), vocalizing, evacuation their bladder and/or bowels (Fanselow, 1986), and 

freezing (Fendt & Fanselow, 1999; Black & De Toledo, 1972). A fellow rodent's accurate 

perception of these responses allows for swift environmental evaluation and the initiation of life-

saving reactions. These social stimuli can buffer fearful responses, providing a potentially 

lifesaving break from an otherwise autonomic response (Hennessy, Kaiser, and Sachser, 2009; 

Kikusui, Winslow, and Mori, 2006). For example, buffering of conditioned freezing behavior 

when escape is possible could increase survival chances and group survival might lead to 

increased fitness for its members (Dyer et al., 2009; Jolles, King, & Killen, 2020). Buffering of 

fear is dependent on a variety of behavioral and contextual factors such as partner familiarity, 

previous experience with fear and stress, and social status within the group. In rats, for instance, 
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the scent of a familiar peer has been shown to promote greater fear buffering than that of an 

unfamiliar one (Kiyokawa, Honda, Takeuchi, and Mori, 2014). In zebrafish, time spent with a 

familiar conspecific following exposure to a stress-inducing substance was found to result in 

greater reduction of cortisol release and decreased behavioral distress relative to time spent with 

an unfamiliar conspecific (Faustino, Tacão-Monteiro, and Oliveira, 2017). 

The dichotomous alternative social buffering of fear is the facilitation of fear, also known 

as emotional contagion (Han et al., 2018). The theory of emotional contagion suggests that 

perceived distress by an observer can result in similar behavioral output and neuronal activation 

across the observer and individual expressing fear in response to pain. These emotional social 

signals may be a form of empathy, as neuronal signals are suggested to occur in a mirror neuron 

like fashion with experience of pain relative to the observation of pain in a conspecific (Carrillo 

et al., 2019). A meta-analysis by Lamm, Decety, and Singer (2011) provides evidence for a 

neuronal mechanism of empathic responding based on this idea of emotional contagion as they 

found co-activation of areas associated with the experience of pain and observation of pain 

across 32 different studies. Clusters of regional activation identified the anterior medial cingulate 

cortex in 28 of the 32 studies reviewed, and the anterior insular cortex in 24 different studies. 

Both of these regions overlap with the typical mapping of the anterior cingulate cortex, a 

structure that surrounds the corpus callosum and has been implicated experimentally in rodent 

with the transfer of behavioral states associated with fear (Han et al., 2019), pain (Carrillo et al., 

2019), and analgesia (Smith, Asada, & Malenka, 2021). 

Anterior Cingulate Cortex and Observational Fear Conditioning  

The anterior cingulate cortex (ACC) is centrally located dorsal of the corpus callosum, 

medially occupying the space between the limbic system and the cuneus. This location allows the 
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ACC to have direct connections with areas related to emotion (e.g., amygdala), reward (e.g., 

orbital frontal cortex, ventral striatum), memory (e.g., hippocampus), and complex decision 

making (e.g., prefrontal cortex) (Stevens, Hurley, & Taber, 2011; Margulies et al., 2007) . These 

regional connections make the ACC a likely mediating pathway between the “emotional” limbic 

system and “cognitive” prefrontal regions. It been suggested broadly to play a variety of roles 

related to motivation and goal-direct behaviors (Devinsky, Morrell, & Vogt, 1995), cognitive 

control (Shenhav, Botvinick, & Cohen, 2013), and in attention and emotion related social 

interaction (Bush,Luu Posner, 2000; Stevens, Hurley, & Taber, 2011). Important for active 

avoidance, functional connectivity between the ACC and amygdala has been shown to be linked 

to aversive eye blink conditioning using electrophysiological recording in non-human primates 

(Klavir, Genud-Gabai & Paz, 2013). 

The varying roles of the ACC make it difficult to characterize its function in a simplistic, 

linear fashion using non-invasive methods of functional connectivity scanning. However, 

advances in neuroanatomical precision have allowed researchers to target the region in animals 

and experimentally implicate ACC function or disfunction in conjunction with a given behavior. 

The ACC has been studied in monkeys and rodents in the context of pain and empathy, 

particularly in observational fear paradigms. Observational conditioning was established from 

studies examining non-human primates and their fearful behavior in response to snakes (Cook et 

al., 1985; Mineka et al., 1984). While empathetic responding is typically reserved for humans 

and non-human primates, observational fear learning in rodents dates back to the late 1950s 

(Church, 1959; Rice & Gainer, 1962). These early studies involved a rodent observing a fear-

conditioned conspecific and noting fearful responses in the observing rat. These foundational 
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studies laid the groundwork for more advanced research probing the neurobiological 

underpinnings of regions like the ACC in the context of observational fear (Jeon et al., 2010). 

In Jeon et al.'s 2010 study, they demonstrated that mice could remember the context in 

which they witnessed another mouse being subjected to electrical footshocks. Observer mice 

were trained by exposing them to a demonstrator mouse receiving repeated footshocks through a 

transparent partition. After 24 hours, the observer mice were returned to the training box, where 

they exhibited signs of fear, such as freezing. While fear learning was attenuated when the 

transparent partition was replaced with an opaque one, it was not completely abolished. This 

suggested that, in addition to visual cues, multiple sensory modalities played a role in conveying 

information about the fear experienced by the demonstrator. Importantly for this proposal, they 

also manipulated ACC function during observational fear learning and found that lidocaine-

induced inactivation resulted in reduced fear expression in the form of freezing. 

Allsop et al. (2018) also investigated the ACC to Basal Lateral Amygdala (BLA) circuit 

in an observational fear conditioning paradigm. In this paradigm, demonstrator and observer 

rodents were conditioned together, with the demonstrator undergoing fear conditioning and the 

observer undergoing observational conditioning, separated by a perforated transparent screen. 

The researchers discovered that inactivation of ACC-BLA neurons during fear conditioning, but 

not during fear expression, led to a decrease in freezing behavior in the observer rodents. 

Moreover, they observed no impact of ACC-BLA inactivation on classical fear conditioning, 

suggesting that these ACC-projecting neurons may be necessary solely for observational 

conditioning. 

Keum et al. (2018) employed a genetic model that targeted a variant of the Nrxn3 gene to 

compare wild-type mice with those carrying the Nrxn3 R498W variant. The R498W variant was 



9 
 

identified among 129 different mouse substrains as having elevated observation fear, which 

served as the basis for their study. The researchers found evidence that the Nrxn3 variant 

somatostatin-positive ACC interneurons played a role in controlling vicarious freezing. They 

achieved this by selectively deleting Nrxn3 in ACC neurons using optogenetics, which resulted 

in increased freezing following observational fear using a two-day conditioning and 24-hour 

retrieval test paradigm. Since somatostatin-positive neurons often have an inhibitory role, these 

results suggest that Nrxn3 variant interneurons may be important for higher-level control of 

empathic behavioral responses. These results (along with Zheng et al., 2020) position 

interneurons within the ACC as pivotal for processing observational fear in rodents, in addition 

to afferent and efferent ACC projections. 

In a related study, Zheng et al. (2020) investigated an afferent circuit from the ACC to the 

Mediodorsal Thalamus (MDL) in rodents. In their study, a demonstrator was conditioned 

separately from an observer who either underwent a shock experience or was a home cage 

control. The researchers found that rodents who underwent shock were more likely to experience 

vicarious freezing when tested with a tone-shock conditioned rodent, suggesting a potentiation of 

observational fear based on previous experiences. Using fMRI imaging, they also linked this 

potentiation to enhanced regional connectivity in the ACC. Furthermore, the researchers tested 

the ACC-MDL circuit using ablation (resulting in delayed freezing) and optogenetic activation of 

the circuit (resulting in decreased freezing responses).  

Summary of Thesis Related Findings 

Collectively, these studies provide experimental evidence that implicates the ACC in the 

regulation of observation fear, with direct evidence linking the ACC to the expression of freezing 

behavior as a result of observational fear conditioning. However, the causal link is not entirely 
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clear: while Joen et al. found that inactivation of the ACC reduced fear expression, Zheng et al. 

(2020) found that ACC-MDL ablation delayed initial conditioned freezing, and optogenetic 

ACC-MDL activation decreased freezing overall. As these optogenetic findings contradict 

previous research, Zheng et al. suggest that optogenetic activation of the ACC-MDL circuit may 

have resulted in decreased freezing due to the unnatural level of activation that was achieved. 

Furthermore, these results are somewhat inconsistent with those of Keum et al. (2018), who 

showed that inactivation of a subpopulation of ACC neurons resulted in decreased 

observationally conditioned freezing behavior. Finally, it is unclear what role ACC neurons play 

during conditioning compared to expression of behavior, as Allsop et al. (2018) found no effect 

during expression, which is again inconsistent with the findings of Joen et al. (2010) and Zheng 

et al. This may be due to the exclusivity of the circuit that was being targeted. Overall, these 

studies suggest a nuanced role of the ACC in relation to observational fear. However, the effects 

of general ACC inactivation following observational fear are unknown as it relates to avoidance 

conditioning. Fear conditioning is inherent in the platform-mediated avoidance (PMA) task in 

solo conditioning, and preliminary data suggest that social PMA conditioning may result in 

higher levels of fear as behaviorally expressed through freezing (see Figure 1). It is possible that 

this increased freezing behavior is a consequence of observational fear conditioning, as vicarious 

freezing research conducted since the early 1960s in relation to the phenomena of observational 

fear in rodents suggests will occur (Church, 1959; Rice & Gainer, 1962). Using a social PMA 

paradigm in conjunction with optogenetic ACC inactivation, the causal role of the ACC in 

freezing behavior during an avoidance task will be directly investigated. 
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Experimental Approach 

The behavioral and optogenetic elements of experimental data collected for this thesis 

can be divided into three main components: (1) Active avoidance conditioning data, which 

comprises 10 days of platform-mediated avoidance conditioning in rodents conducted in with a 

partner, (2) optogenetic knockdown of the ACC during an avoidance test, and (3) tissue histology 

confirming probe placement and virus expression. See Figure 2 for the experimental timeline. 

 

 

 

Figure 2. Expression of freezing behavior during PMA acquisition in rats trained under Social or 

Solo conditions (unpublished data). These preliminary results suggest PMA condtioning in a 

social condition results in greater freezing behavior relative to a solo condition. This increased 

freezing may be associated with observational fear condtioning. Error bands = +/- 1 SEM. 
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The previous literature has implicated the involvement of other prefrontal cortex (PFC) 

areas such as the prelimbic (PL) and infralimbic (IL) cortex (Brova-Rivera et al., 2014; Diehl et 

al., 2018) by manipulating the function of these regions adjacent to the ACC. 

Electrophysiological studies in non-human primates support a bidirectional dorsal ACC to 

amygdala pathway in error detection (Klavir, Genud-Gabai, & Paz 2013). This is relevant to 

PMA as prelimbic error detection projections have been shown to be necessary for active 

avoidance behavior (Diehl et al., 2020).  

It is predicted that the ACC will be active during the 10 days of conditioning due to the 

evidence linking ACC activation and social and observational fear conditioning (Lamm, Decety, 

& Singer, 2011; Han et al, 2019; Carrillo et al., 2019; Smith, Asada, & Malenka, 2021). This 

Figure 2. Experimental timeline of the archival data. Rodents were infused with either ArchT or 

eYFP AAV into their ACC, implanted with a fiberglass probe, and allowed to heal and incubate 

for approximately 7 weeks (2a). Following that, rodents were conditioned together in a PMA 

paradigm for 10 days (2b). Rodents were then ontogenetically stimulated either alone or with a 

partner during a two-tone test (2c). 

2b: Avoidance Conditioning 2a: ArchT/eYFP ACC Infusion 

(ArchT or eYFP) 

AAV Incubation: 6 to 8 Weeks  

2c: Solo and Social Tests 

Social Partner PMA: 10 Days Two-tone Laser Tests: 1-4 Days 
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social-cued ACC activation may therefore be functionally linked to the behavior of avoiding due 

to the coincidence of active avoidance with a social condition.  

The findings of Jeon et al.'s 2010 study, which demonstrated that inactivation of the ACC 

led to reduced conditioned freezing, suggest that inactivation of the ACC during a social PMA 

avoidance task may also lead to reduced freezing due to the conditioned fear aspect of PMA 

conditioning. This hypothesized inactivation result could be due to the suppression of ACC 

nuclei that encode for observational fear during a social PMA task.  

Supporting this hypothesis are the results of Zheng et al. (2020), as they found ACC 

lesions decreased vicarious freezing behavior (notably, only in foot-shock experienced rodents). 

Complicating these data are their results of optogenetic activation of the ACC, which also 

resulted in decreased vicarious freezing behavior. They hypothesized an inverted U distribution 

of hypo- and hyper- ACC activation that would both end up resulting in disruption of vicarious 

ACC function. These results again suggest ACC inactivation may result in reduced 

observationally conditioned freezing. 

Han et al. (2019) demonstrated that muscimol inactivation of the ACC resulted in a 

significant reduction in freezing behavior in observer rodents, but not in the demonstrator. These 

results correspond to the finding that ACC-BLA inactivation had no effect on fear conditioning 

in Allsop et al. (2018). Allsop et al. (2018) provided some evidence supporting a null hypothesis 

where ACC inactivation would not result in any difference in conditioned fear behavior in an 

observer, as they found null results in their expression test with ACC-BLA inactivation. 

However, their study did demonstrate the significance of the ACC-BLA circuit in observational 

learning, which was subsequently replicated by Smith, Asada, and Malenka (2021).  
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In contrast to these findings, Jeon et al. (2010) demonstrated an effect of ACC-MDL 

circuit inactivation on reducing observational fear, and Carrillo et al. (2019) linked ACC 

activation and observational fear learning. Keum et al. (2018) showed the role ACC interneurons 

have in inhibition of observationally conditioned freezing, and Zheng et al. (2020) found 

enhanced ACC connectivity related to potentiation of observational freezing based on past 

fearful experiences. See Table 1 for a summary of these findings, see Figure 3 for a diagram of 

brain areas that underwent experimental manipulation. 

 

 

Figure 3. Major and minor brain regions related to research described in Table 1. Note that the 

Cg1 and Cg2 regional areas comprise the overall ACC region. 
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Socially conditioned platform-mediated avoidance may result in greater ACC 

connectivity, and being paired together results in observational fear. This observational fear may 

Study Target/Intervention Findings Notes 

Jeon et al. (2010) 

ACC Cav1.2 

Ca2+channels / ACC 

Limited Genetic 

Knockout 

Reduced freezing during 

acquisition of observational 

fear and during 24-hr 

expression test. 

ACC Cav1.2 

Ca2+channel deletion 

impairs observational 

fear learning. 

Jeon et al. (2010) 

ACC / Lidocaine 

Inactivation 

Reduced acquisition of 

observational fear. No 

effect on retrieval. 

ACC involved only 

during conditioning of 

observational fear. 

Allsop et al. (2018) 

ACC → BLA / 

Optogenetic 

Inactivation 

Reduced observer freezing 

during fear conditioning, no 

effect of inactivation during 

fear expression. 

No effect of ACC-

BLA inactivation on 

classical fear 

conditioning. 

Keum et al. (2018) 

ACC Inhibitory 

Interneurons / Selective 

Nrxn3 Gene Deletion 

(reduced ACC GABA) 

Role of Nrxn3 gene 

expression in ACC 

inhibition of observer 

freezing. 

Inhibitory role of ACC 

interneurons in 

observational learning. 

Han et al. (2019) 

ACC / Muscimol 

Inactivation 

Reduced observer freezing 

in acquisition, which in turn 

reduced demonstrator 

freezing. 

Two-way feedback 

loop between observer 

to demonstrator. 

Carrillo et al. (2019) 

ACC / Muscimol 

Inactivation 

Reduced observer freezing 

trigger by social cue, not 

CS tone. 

ACC may be sensitive 

to socially cued 

freezing behavior, not 

CS triggered freezing. 

Zheng et al. (2020) 

ACC → MDL / 

Ablation, Optogenetic 

Activation 

Lesions reduced observer 

freezing; Activation also 

decreased observer 

freezing. 

Inverted U distribution 

activation/deactivation 

disrupting function. 

Zheng et al. (2020) 

ACC Connectivity / 

fMRI Imaging 

Enhanced ACC 

connectivity based on past 

fear experiences  

potentiated observational 

freezing. 

ACC connectivity 

differences can 

influence future 

observational learning. 

Smith, Asada, & 

Malenka (2021) 

ACC → BLA / 

Optogenetic 

Inactivation 

Inactivation during 

acquisition led decreased 

observer freezing during 

retrieval. 

Reinforces Allsop et 

al.’s 2018 finding. 

Table 1. Summary of Research Manipulating ACC and Related Circuit Function during the 

Acquisition or Expression of Observational Fear. 
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be encoded similarly to observational avoidance, with the ACC at least processing and possibly 

mediating conditioned avoidance responses. It should be noted that the ACC involvement during 

PMA is unknown, as no study has attempted to examine the role of ACC ensemble function 

during any social avoidance task. 

Hypotheses  

H1a: ACC inactivation during a tone conditioned to observational fear-conditioned tone 

will result in decreased freezing behavior for the target ArchT group compared to the eYFP 

control group (Jeon et al., 2010; Zheng et al., 2020). 

H1b: A decrease in freezing behavior will lead to increased avoidance behavior, as 

measured by increased time spent on the platform during the conditioned tone in the target ACC 

inactivation group compared to the control group. 

H2a and H2b: Alternatively, inactivation of the ACC may diminish avoidance expression 

through either increasing freezing (H2a) or reducing avoidance (H2b). A decrease in avoidance 

following ACC inactivation would support a hypothesis that an active ACC is necessary for the 

occurrence of socially conditioned avoidance behavior. An increase in freezing following ACC 

inactivation would suggest the ACC may otherwise play an inhibitory role in suppression of 

observational fear conditioned freezing behavior (Keum et al., 2018). 

Section Two: Analysis of Behavioral Data  

Overview 

In the PMA task, three main dependent variables are commonly used to quantify task 

performance: Time freezing (in seconds), lever pressing (as number of presses), and time on 

platform (in seconds). Time freezing during the tone represents the amount of time rodents were 
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immobile while the tone played and is ecologically linked to fear expression. This fear response 

occurs as a consequence of the tone-shock pairing that linked during conditioning. Lever presses 

are the number of presses for a sucrose reward. Before PMA conditioning, rodents are operantly 

trained to lever press for sucrose. During the initial PMA conditioning sessions, lever pressing is 

typically low because the Pavlovian tone-shock relationship being established results in 

generalized fear expression. As that tone-shock relationship is developed in the PMA task, 

rodents will move to the platform during the tone period to avoid receiving a shock (Diehl, 

Bravo-Rivera, & Quirk, 2019, Bravo-Rivera et al., 2014). This avoidance behavior is represented 

by the amount of time rodents spend on the platform. 

These variables are theoretically positioned within the PMA task as three interrelated 

dependent measures that each represent a unique behavior (time freezing = fear, lever presses = 

food motivation, time on platform = avoidance). For example, it has been postulated that as 

platform time increases during PMA conditioning, lever pressing will also increase (Diehl, 

Bravo-Rivera, & Quirk, 2019). Both of these measures have been suggested to have a negative 

relationship to fear expression (i.e., freezing behavior); when rodents learn they can safely avoid 

a shock, their conditioned freezing behavior will be reduced, (see Figure 4 for a depiction of 

these relationships). However, these theoretical assumptions have not been validated using 

psychometric analysis of laboratory data.  
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Distributional and Variance Properties of Dependent Measures 

The distributional and psychometric properties are undiscovered (or at minimum have not 

been published) for the three dependent measures used in the PMA task to model avoidance 

behavior (time freezing, lever presses, time on platform). The historical approach to PMA data 

analysis has focused on analyzing time on platform (Bravo-Rivera et al., 2014, Diehl et al., 2020) 

as a direct proxy for avoidance behavior, with time freezing and lever pressing both postulated to 

be related to time on platform (see previous explanation). Additionally, while postulation of the 

interrelatedness of these measures has emerged since the inception of the task (Diehl, Bravo-

Rivera, & Quirk, 2019), these relationships have not been evidenced statistically. To probe the 

relationships between each measure, we first need to understand the distributional properties of 

each variable to ensure they meet the assumptions for the linear regression mixed-effect 

modeling approach that will be utilized in later sections. 

Figure 4. Depiction of Interrelation Between PMA Dependent Variables (Simulated Data, Diehl et 

al., 2019). 
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Following these distributional analyses, the psychometric properties will be probed by 

generating within-subject correlation coefficients between each dependent measure. Assessing 

the interrelatedness of each measure will provide insight into the nuances of the PMA task and 

highlight the shared and distinct variance each dependent measure possesses in relation to the 

others. 

Prediction of Test Day Performance Using Training Data and Test-retest Reliability 

Traditional analysis of behavioral data is commonly approached in terms of the direct 

effect of an experimental manipulation, with little regard to the training data that precedes it. 

Instead of accounting for the effect of training on test day performance (across an experimental 

and control group), predictions are made for the effect of the manipulation. Although there has 

been a shift in some research domains to recognize and model the intricate relationship between 

training data and test outcomes – as evidenced in studies examining clinical laboratory results 

(Luo et al., 2016) and educational outcomes (Şen et al. 2012, Brinton et al. 2016, and Yürüm et 

al. 2023) – such methodological adaptations remain largely unexplored in the realm of 

behavioral neuroscience, especially when considering animal training data.  

Directly modeling the effect of behavior during the conditioning/training phase on 

behaviors expressed during the test phase allows for both statistical confirmation of the effect of 

conditioning on testing (e.g., the relationship between freezing during conditioning and freezing 

during the test phase), and an account of the effect of variation across subjects during individual 

conditioning sessions. 

Traditional Methods of Interaction Analysis 

 Traditional methods of data analysis used throughout biological, cognitive, and 

behavioral neuroscience are notably behind the curve relative to other fields in their analytical 
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approach, particularly in the case of examining interactions between two variables 

(Nieuwenhuis, Forstmann & Wagenmakers  2011). The lack of interaction modeling is often 

substituted with comparing the effect sizes across separate statistical tests, without performing an 

actual statistical comparison of the effect sizes of those two tests. Most commonly this error is 

committed when research teams are comparing a significant effect found in an experimental 

group relative to the lack of an effect found in a control group, as well as in the analysis of pre- 

and post-test data, and the comparisons of effect sizes across several different brain areas 

(without accounting for family-wise error; Nieuwenhuis, Forstmann & Wagenmakers  2011). In 

each case, the same error of comparing statistical test outcomes without statistics is committed. 

While not necessarily intentional, this error can lead to severely misinterpreted data: 

Nieuwenhuis et al. found about two-thirds of the investigations that made this analysis error 

likely misinterpreted their findings and made incorrect conclusions. Pertinent to the data 

collected for this thesis, this is also an issue optogenetic data analysis. Alarmingly, several 

studies that informed the theoretical framework of this thesis project, including works by Zheng 

et al. (2020), Allsop et al. (2018), Carrillo et al. (2019), and Smith et al. (2021), appear to have 

made this analytical flaw. The widespread nature of this practice underscores the need for more 

rigorous analytical methodology in neuroscience. 

Expected Outcomes 

Distributional Properties of Dependent Measures. 

 It is predicted that analyses of the distributional properties of the dependent measures will 

lead to better linear regression modeling of the underlying data if that data, and error residuals 

resulting from modeling that data, have high heterogeneity of variance. If that is the case, it is 

predicted a better model fit as assessed by the Akaike information criterion (AICc, corrected for 
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small sample sizes) will be found in the transformed data relative to the non-transformed data 

from the same dependent measure. 

Shared and Unique Variance Between Dependent Measures. 

 It is unknown what the variance properties are, but it is predicted that the correlations 

between these variables will be as postulated in previous literature: Time on platform and 

pressing will be positively correlated, and both of those behaviors will be negatively correlated 

with time freezing. 

Predicting Test Performance Using Training Data 

It is also unknown what the outcome of this analysis approach will be because there is 

little supporting literature in the field of behavioral neuroscience. In the field of psychometrics, 

analyzing performance during training is done to show the consistency, otherwise known as test-

retest reliability, of the measure. A high level of test-retest reliability in a measure lends credence 

to the idea that the measure is capturing the same theoretical construct each time it is 

administered and that the measurement error is sufficiently low. This is especially important for 

designs that use a brain manipulation, such as optogenetics, to ensure the measure is reliable 

enough to make judgements regarding functionality of a population of neurons. This analysis 

will show evidence regarding which of the three PMA dependent measures have stable test-retest 

reliability under this paradigm. 

Traditional Analytical Approaches Relative to a Contemporary Approach 

 Using a traditional, statistically erroneous approach to interaction analysis is predicted to 

result in a poor model fit. The lack of interaction modeling, and the subsequent comparison of 

individual effect sizes is expected to produce incorrect conclusions. 
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Chapter 2 – Method 

Subjects 

Nineteen male and 21 female Sprague Dawley rats (bred in-house from breeders 

purchased from Charles River Laboratories, Wilmington, MA) aged 2 to 5 months, weighing 

approximately 250g (females) to 350g (males), were used in this study as virally inducted 

subjects with fiber optic probe implantments. Histological analysis for probe placement and virus 

expression excluded an additional 10 male and 8 female rodents, resulting an in a final sample 

size of 22 rodents (9 male and 13 female). Of these 22 rodents, 13 (4 males and 9 females) 

belonged to the Arch AAV group and 9 (5 males and 4 females) belonged to the eYFP AAV 

control group. Sixteen other age and sex matched non-inducted and non-implanted subjects were 

used as social partners during training and testing periods. 

Animals were either pair-housed or triplicate housed at postnatal day (PND) 21 with 

same sex littermates. Rats were kept on a limited caloric diet of 16-18 grams per day of standard 

rat chow to maintain motivation to press a lever for a sucrose reward. All procedures were 

approved by the Institutional Animal Care and Use Committee of Kansas State University in 

compliance with the National Institutes of Health guidelines for the care and use of laboratory 

animals (Protocol #: 4545, 4331).  

Bar press training 

Using standard operant chambers (Coulbourn Instruments, Holliston, MA) fitted within 

sound-attenuating cubicles (MED Associates, St. Albans, VT), rats were trained to press a lever 

for a sucrose reward on a variable interval schedule of reinforcement (VI-30), until they have 

reached a criterion of at least 10 presses per minute (ppm) (females) or at least 15 ppm (males) 
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across a 30-minute session. Female rodents were given a lower ppm criterion due to their lower 

body weight and overall lower caloric intake relative to male rodents. 

Surgery 

Rats were induced with isoflurane gas at 5% and kept at 1-3% for maintenance of 

anesthesia during surgery and placed in a stereotaxic frame (David Kopf Instruments; Tujunga, 

CA, United States).  

Rats were bilaterally infused with an adeno-associated virus (AAV; 0.4-0.6 μL) into the 

anterior cingulate cortex (+0.5 mm AP; ± 0.5 mm ML; -3.0 mm DV) . Following 10 min of 

infusion, syringes were kept inside the tissue for an additional 10 minutes to allow for virus 

dispersal. Optical fibers (9 x 0.22 mm, 0.22, 200 nm core; RWD, Shenzhen, Guangdong, China) 

will then be implanted at a 15° angle and anchored to the skull using dental acrylic cement 

(Metabond, Parkell, Brentwood, NY; Ortho-Jet, Lang Dental Mfg. Co., Wheeling, IL). Topical 

triple antibiotic ointment was applied around the wound margin, and rats were administered 

analgesic (Flunixin or Meloxicam, 1-2mg/Kg, I.P.) following surgery and allowed at least 14 

days to recover before behavioral experiments begin. 

Viruses 

Adeno-associated viruses were obtained from the University of North Carolina Vector 

Core (Chapel Hill, NC) at virus titers of 4 x 1012 particles/mL for archaerhodopsin (ArchT; 

AAV5:CaMKIIa::eArchT3.0-eYFP) and 3 x 1012 particles/mL for the eYFP expressing control 

(AAV5:CaMKIIa::eYFP). Viral titers were chosen based on previous literature indicating these 

titers allowed sufficient inoculation (Diehl et al., 2018; Mahn et al., 2016; Wiegert & Oertner, 

2016). Upon arrival to the facility, AAV were transferred into 7 μL aliquots and stored within a -
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80 °C freezer until needed. All AAV was handled according to BSL-1 protocol and university 

guidelines. Before beginning any optogenetic testing, a minimum post-surgery viral maturation 

period of 42–56 days is required.  

Laser delivery 

ArchT and eYFP controls will receive light stimulation from a green diode-pump solid 

state laser (532 nm, 10–12 mW at the fiber tip; Opto Engine, Midvale, Utah). The laser will 

activate at tone onset for 30 s and be routed through a shutter (Stanford Research Systems, 

Sunnyvale, CA, United States), collimator (Thorlabs, Inc., Newton, New Jersey), patch cable 

(200 nm core, Thorlabs, Inc.), rotary joint (200 nm core, 1 x 2, Doric Lenses, Quebec city, 

Canada), and dual patch cable (0.22 NA, 200 nm core, RWD or Thorlabs, Inc.) attached to the 

cemented bilateral optic fiber cannulae. Rats were habituated to patch cable attachment during 

training. 

Platform-mediated avoidance conditioning 

Platform-mediated avoidance (PMA) conditioning was carried out according to 

established procedures detailed elsewhere (Bravo-Rivera et al., 2014; Diehl et al., 2020). Briefly, 

rats were conditioned to associate a pure tone (30 s, 4 kHz, 75 dB) that co-terminates with a 

scrambled footshock (2 s, 0.4-0.5 mA). Between tone-shock presentations, there is a variable 

inter-trial interval (ITI) averaging 3 minutes. An acrylic square platform (140x120 mm) is 

present during bar press training and PMA conditioning, located in the corner opposite of the 

food lever. Rats were trained for 10 days, with 9 tone-shock pairings occurring each day. To 

motivate rats to leave the platform, sucrose pellets were available throughout the session on a VI-

30 schedule. 
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Social partner PMA conditioning can be differentiated from the established solo PMA 

procedure by the presence two rats simultaneously undergoing PMA conditioning together 

within one large operant chamber. Each side of the chamber is a symmetrical version of the 

other, separated by a perforated plexiglass barrier allowing partners to communicate visual, 

olfactory, and auditory information with each other (See Figure 2). Platforms were positioned 

next to the barrier adjacent to one another.  

Following 10 days of social partner PMA, optogenetic manipulations were performed. 

Rats will undergo laser illumination on the 11th and 12th day. These sessions will consist of a 

two-tone test, either alone or with their partner (counterbalanced across groups) in the same 

chamber space as conditioning occurred. During these sessions no shock will occur. In each 

session, following a three-minute habituation period, laser illumination (532 nm, 10-12 mW at 

fiber tip; see laser delivery section) will occur during the first 30 s tone. No laser illumination is 

delivered during the second tone. 

Locomotion testing 

Rats were placed in a large circular area (90 cm in diameter) for 5 minutes. During this 

time laser illumination (532 nm, 11–16 mW; see Laser delivery section) will occur for 30 s 

following a six-minute habituation phase. A 60 s ITI with no laser illumination will follow, and a 

30 s portion of these ITI periods are compared to the laser illumination periods. Locomotion is 

defined as total distance traveled. Arch-eYFP group locomotive behavior during the 30 s laser 

illumination phase will be compared to the eYFP control group to determine what effect, if any, 

photosilencing ACC has on motor movement.  

Histology 
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Following behavioral experiments, rats were deeply anesthetized with a pentobarbital 

sodium solution (1.5 to 2.7 g/ml) and transcardially perfused with 200-300 ml of 0.9% saline 

solution, followed by 500-700ml of a 4% paraformaldehyde (PFA) solution. Brains were stored 

in a 4% PFA/30% sucrose solution for at least 72 hours preceding sectioning and plating. 

Following saturation, brains were sectioned at 40 µm at -20 °C and plated immediately. Tissue 

sections will then be imaged for AAV expression and placement of optic fibers. Following 

imaging, brains were coverslipped with Fluoromount-G for storage. See Figure 5 for an example 

of probe placement and virus expression that would merit inclusion. 

Data collection 

Behavioral video data was analyzed using ANY-Maze software (Stoelting, Wood Dale, 

IL), tracking subject location and behavior. ANY-Maze was used to quantify the time spent on 

Figure 5. Mounted Tissue with Acceptable AAV Expression and Fiber Optic Probe Placement. 

cc 

Cg1 

Cg2 

ACC 
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the platform during the tone (as a measure of avoidance), and time spent freezing during the tone 

(as a measure of conditioned fear). 

Data analysis  

 All data analysis and statistical models will be created using JMP 15 Pro software (JMP 

Statistical Discovery LLC, Cary, NC). Behavioral data in both the training phase and test phase 

will be analyzed using linear multilevel modeling (MLM). Unless otherwise specified (such as 

for the construction of traditional models for comparison against models informed by modern 

statistical techniques), multilevel models will specify the following fixed effects: Binomial 

within-subject independent variables (IVs) of AAV type (Arch or eYFP), test type (Solo or 

Social), and laser trial (laser on or laser off) will be modeled, along with all interactions between 

these variables. For training data, trial (continuous) and test day (continuous) will also be 

modeled. These independent factors will be used to predict responding across the three 

dependent variables used to model PMA behavior: (1) Time freezing during the tone 

(continuous, ranging from 0 to 30 seconds). (2) Lever presses during the tone (continuous count 

data starting from 0 and reaching a maximum of 21). And (3), time on platform during the tone 

(continuous, ranging from 0 to 30 seconds). All random effect structures (either intercept or 

intercept and slope being allowed to vary based by subject) were constructed and chosen using 

Akaike’s Information Criterion corrected for small sample sizes (AICc) as a basis for 

determining the optimal model fit. Rodents analyzed for this thesis were only the 22 subjects 

who underwent surgery and met the histological inclusion criteria of anatomically precise fiber 

optic probe placement and proper AAV expression. The behavior of the social partners was not a 

focus of this thesis and were therefore not included in any analytical models. 
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Chapter 3 – Results 

Overview 

As previously mentioned, PMA task performance is quantified using three variables: 

Time freezing, lever pressing, and time on platform. Freezing during the tone indicates fear, 

stemming from a learned tone-shock connection. Lever presses count how often rodents seek a 

sucrose reward. And time spent on the platform reflects their learned avoidance of shocks. As 

rodents understand the tone-shock link, they increasingly use the platform for safety (Diehl, 

Bravo-Rivera, & Quirk, 2019; Bravo-Rivera et al., 2014). Within the PMA task, three 

interrelated behaviors are represented by unique variables: freezing (fear), lever pressing (food 

motivation), and platform time (avoidance). As conditioning progresses, increased platform time 

is thought to correspond with increased lever pressing (Diehl, Bravo-Rivera, & Quirk, 2019). 

Both are believed to inversely relate to fear expression. Yet, these assumptions lack psychometric 

validation from lab data. 

The results will be broken up into three sections. The first will be an analysis of the three 

dependent measures independent of any manipulations: Focusing on the distributional properties 

and the postulated theoretical correlations as shown by the amount shared and unique variance 

between the measures. 

The second section will consist of a unique approach in the behavioral neuroscience 

literature of confirming and accounting for the effect of individual variance across training on 

test day performance: In addition to training variance being accounted for within the models, the 

psychometric test-retest reliability of the measures, from measurement in training to 

measurement in testing will be analyzed. 
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Finally, the third section will incorporate what was learned from the first two sections 

into a theoretically grounded modeling approach for these data. This will then be compared to 

another analytical approach of the same data using a traditional method of interaction analysis 

common within the field of behavioral neuroscience (Nieuwenhuis, Forstmann & Wagenmakers  

2011). 

Section one: Dependent measure analysis; distributions and shared variance 

Distributional Properties of Dependent Measures 

As seen in Figures 6-8, the underlying distributions of the data for each dependent 

measure are all skewed positively and highly kurtotic (see Table 2). This itself is an indicator that 

these data may not be fit for linear regression modeling due to poor homogeneity of variance and 

non-normal distribution of error. To be sure of the non-normal distribution of error residuals, 

three multi-level linear regression models were constructed using a full-factorial approach of 

using the binomial variables of AAV treatment (Arch/eYFP), laser (on/off), test type 

(solo/social), and their interactions, to predict the three dependent variables. To briefly recap 

from the methods section: AAV treatment was the viral insertion of either florescent proteins and 

light sensitive opsins (Arch) or the control insertion of only the florescent proteins (eYFP); Laser 

was the projection of light using fiberglass filament inserted into the anterior cingulate cortex 

(two levels: On or off); Test type was the counterbalanced social element of the presence (social) 

or absence (solo) of a subject’s partner during testing - the same partner who was present during 

condition (see Methods section for a full explanation of these variables). 

One of these independent variables (AAV treatment) was between-subject and the other 

two (laser and test type) were within-subject. The repeated measures aspect of the design was 

modeled using a random effect structure that allowed the intercept of each subject to freely vary 
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across repeated measures, capturing these dependencies.  Another random effect structure was 

tested that allowed for the slopes and the intercepts to vary, however AICc comparison between 

‘intercept only’ models and ‘slope and intercept’ models suggested the differences between these 

structures were negligible (see Table 3). With no AICc differences to drive random effect structure 

choice, the more parsimonious structure (‘intercept only’) was chosen. Three models were then 

constructed for the distributional analysis, one for each of the dependent measures, each using the 

same full-factorial modeling approach for the independent variables across each model. 

The error residuals of those three models were graphed (Figures 6b, 7b, 8b), and the same 

distribution of positive skew and high kurtosis is also present in these error residuals. To 

normalize the error residuals, a log+1 transformation was applied to each dependent variable 

based on the results of a Box Cox Y transformation analysis indicating log transformation was 

best suited these data (see Table 4). The ‘+1’ was necessitated due to the zeros in the data and the 

impossibility of log transformation of zero. 

 To confirm these log+1 transformed models improved the distributional properties of the 

underlying data, the error residuals were plotted (Figures 6c, 7c, 8c), and skew and kurtosis were 

compared (Table 2). Across each model, error residuals can be seen as more normally distributed, 

and skew and kurtosis were reduced in each case of log+1 transformation, with the exception for 

the variable of time on platform: In that case, skew was reduced by 0.68, while kurtosis was 

increased by 0.71. Overall, the skew reduction does suggest a relative normalization of variance. 

Future analysis of these data may probe if a Poisson distribution or a censored linear regression 

modeling approach would result in even greater homoscedasticity of error variance than a log+1 

transformation, however these approaches are beyond the scope of this thesis. Altogether, the 

evidence suggests that failure to account for the distributional properties of the variables may 
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produce poorly fit models that result in erroneous conclusions due to violation of the assumption 

of homogeneity of variance and residual normality. For example, the effect of laser on time on 

platform was found to be significant in the non-transformed model (t(58) = -2.42, p = .019), but 

the effect was not found in the log+1 transformed model (t(58) = 0.04, p = .97). A similar 

probable false alarm was found in the significant effect of test type on time freezing in the non-

transformed model (t(59)  = -2.28,  p  = .026), which failed to replicate (t(59)  = -1.63,  p = .1) 

when the y-variable was transformed to relative normality. These spurious findings emphasize 

the importance of checking for homogeneity of variance and linearity of error residuals to ensure 

the basic assumptions of linear regression are met. 

Variance properties (shared and unique) across dependent measures 

 The suggested interrelated nature of the dependent measures can be inferred by the 

within-subject correlation coefficients between each measure. These coefficients were therefore 

analyzed in terms of three relationships: One between lever presses and time on platform 

(previously suggested to be positively correlated at the end of training); one between time 

freezing and lever presses (previously suggested to be inversely correlated at the end of training); 

and one between time freezing and time on platform (also previously suggested to be inversely 

correlated at the end of training). When examining Figure 9a, a wide spread of individual 

differences across these postulated relationships can be seen; with some subject data agreeing 

with the postulations, another inversely disagreeing with the postulations, and another set of 

subjects having no apparent relationship whatsoever. These results suggest these postulated 

relationships may not be apparent during testing.  

 To better understand the shared and unique variance among these dependent variables, 

three additional correlational analyses were conducted. Two of these analyses were identical to 
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the first within-subject correlation analysis, except it was conducted within either the eYFP 

control group or the target group Arch (see Figures 9b and 9c). These were constructed to check 

if the previous finding (lack of correlation between DVs during testing) was a product of the 

virus manipulation. It was possible that the variance introduced by the interaction of virus and 

laser manipulations obfuscated shared variance between dependent variables. As seen in Figure 

9c and 9d, the variance is similar across both groups and median correlation coefficients values 

are again centered around zero, suggesting no clear shared variance relationship between 

dependent variables. However, all of these analyses involving testing data are limited due to the 

small number of observations for each subject during testing. 

 The third within-subject correlational analysis was conducted on training data, looking at 

behaviors measured during conditioning (see Figure 9d). When examining these within-subject 

correlations, a moderate positive relationship (median subject r = .31) between time freezing and 

time on platform, suggesting that on average as time on platform increases, time spent freezing 

increases. These results are contrary to the previously postulated theoretical relationship between 

time freezing and time on platform (which had suggested that as time on platform increases, time 

spent freezing will decrease). A moderate negative relationship (median subject r = - .35) 

between time freezing and lever pressing was also observed, suggesting an inverse relationship 

between these two variables exists. Specifically, as time freezing increases, lever pressing 

decreases. And conversely, as time freezing decreases, lever pressing increases. This relationship 

does line up with previously hypothesized relationships between these two dependent variables; 

as the initial fear conditioning is thought to diminish as subject learn to avoid the consequences 

of the tone (i.e., the shock) by using the platform. Finally, a strong negative relationship (median 

subject r = - .49) between lever presses and time on platform was observed, suggesting that as 
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time on platform behavior increases, lever pressing will decrease (and vice versa). This 

relationship is not the theorized outcome of the PMA task; lever pressing has been previously 

conceptualized to increase alongside time on platform, with both of these increases occurring due 

to decreased expression of conditioned fear. This analysis of the current data suggests that these 

theorized relationships may not occur under a social condition.    

The first positive relationship found in training between time freezing and time on 

platform may be theoretically explained by the simultaneous occurrence of fear conditioning 

(resulting from the exposure to a co-occurrence of tone and shock early in training) and 

avoidance conditioning (resulting from the initial escape behaviors, followed by learned 

avoidance of the shock via utilization of the platform as cued by the tone). Since these 

conditioning phenomena were linked through simultaneous occurrence of a single stimulus (a 

tone cue) during both fear conditioning and avoidance conditioning, it is reasonable to expect 

both conditioned behaviors (time freezing and time on platform) to be conditioned responses 

triggered by the presentation of the conditioned tone stimulus. These conditioned associations 

may persist long than previously thought.  

The finding of a negative correlation between time on platform and lever pressing also 

coincides with this co-conditioning of fear and avoidance explanation explained above, as 

decreased lever pressing is associated with increased time on platform during the fear 

conditioned tone. Lever pressing requires the subject to leave the platform, and potentially 

encounter danger. Conditioned fear association could be motivating the lack of desire to leave 

the platform and lever press during the tone. These results suggest that rodents who are 

expressing greater lever pressing behavior during the tone have little regard to the consequence 
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of that tone (i.e., a shock), and therefore spend less time in the safe haven provided by the 

platform. 

 Theoretically extending these findings that are contrary to previous postulations may 

improve the analysis and interpretation of the PMA method. To wit: The spectrum of behavior 

allowed by the task may, as it is currently operationalized in this methodology, result in 

significant individual differences to emerge between subjects during testing. Expression of these 

differences can be seen in the continuum of correlation across different subjects during testing. 

This is an essential point for future method development of the PMA task, because it is well 

known that individual differences can lead to a failure to find a main effect for a given 

manipulation due to unaccounted for variance within the model. Future studies that use this task 

would be advised to fully account for individual behavioral subgroups that emerge. 

The results from the analysis of shared variance between dependent variables during 

training either directly contrast previous postulations (with time freezing and time on platform, 

and lever pressing and time on platform), or are consistent (with lever presses and time freezing) 

with previous postulations. These results, when taken as a whole with the test data analyses 

suggest that previous postulations regarding the interrelatedness of PMA dependent measures 

may need revision. 

It should be noted an important limitation of these findings is the sample size which these 

correlations were constructed from, as only 22 rodents were available for the analysis. Additional 

rodents (n = 58) were analyzed using available PMA training data, and a similar pattern of shared 

and unique variance among dependent variables occurred (see supplemental figures). Another 

important note for these analyses is that although these analyses are not log+1 transformed (as a 

log+1 transformation is a novel approach to PMA data analysis) when within-subject correlation 



35 
 

coefficients were calculated using log+1 transformed variables the findings were within 0.03-

0.10 points of the original non-transformed variables from which median correlation coefficients 

were derived. Finally, it is important to note that these training data analyses were from 

conditioning days 1 through 10, which may be of some concern as unconditioned data is 

included in these calculations. However, additional within-subject correlation coefficients were 

calculated using only day 10 data, and differences between the log+1 transformed and non-

transformed were within 0.01-0.09 points of the original non-transformed correlation 

coefficients. Overall, these additional analyses suggest equivalent conclusions regardless of any 

transformations or subsections of conditioning data that may be theoretically warranted. See 

supplemental figures for graphical depictions of these additional analyses. 

Table 2. Skew and Kurtosis of Dependent Measure Distributions and Error Residuals 

Distributions. 

 

 

 

 

 

 

 

Table 3. Model Fits for RE Structures Across Dependent Measures. 
 

 

Dependent Measure 

Raw Distribution  Error Residuals 

Distribution 

Error Residuals (Log+1 

Transformed) 

Skew Kurtosis Skew Kurtosis Skew Kurtosis 

Time Freezing 1.87 3.74 1.6 3.94 0.22 0.38 

Lever Presses 2.01 3.62 1.95 3.41 0.95 -0.36 

Time on Platform 1.42 0.09 0.87 -0.21 -0.19 -0.92 

Models (Full Factorial) RE Structure AICc 

Time Freezing Intercept Only 245 

Time Freezing Slope and Intercept 243 

Lever Presses Intercept Only 207 

Lever Presses Slope and Intercept 207 

Time on Platform Intercept Only 273 

Time on Platform Slope and Intercept 272 
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Table 4. Box Cox Y Transformation Lambda Values for Dependent Variables. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Y variable λ 

Time freezing 0.237 

Lever presses 0.333 

Time on platform 0.115 

Figure 6b. Untransformed Time Freezing Residuals Distribution. 

Figure 6a. Untransformed Time Freezing Distribution. 
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Figure 7b. Untransformed Lever Presses Residuals Distribution. 

Figure 7a. Untransformed Lever Presses Distribution. 

Figure 6c. Log+1 Time Freezing Residuals Distribution. 



38 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8b. Untransformed Time on Platform Residuals Distribution. 

Figure 8a. Untransformed Time on Platform Distribution. 

Figure 7c. Log+1 Lever Presses Residuals Distribution. 
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Figure 8c. Log+1 Time on Platform Residuals Distribution. 

Figure 9b. Boxplots of Within-Subject Correlations Between Dependent Variables (Testing – 

eYFP Only). 

Figure 9a. Boxplots of Within-Subject Correlations Between Dependent Variables (Testing). 
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Section 2: Prediction of test day performance using training data and inference of test-

retest reliability 

Introduction 

Traditional analysis in behavioral neuroscience often focuses on the direct effects of 

experimental manipulations, neglecting the role of preceding training data. Directly modeling the 

effect of behavior during the conditioning/training phase on behaviors expressed during the test 

Figure 9c. Boxplots of Within-Subject Correlations Between Dependent Variables (Testing – 

Arch Only). 

Figure 9d. Boxplots of Within-Subject Correlations Between Dependent Variables (Training). 
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phase can provide a statistical confirmation of the impact of conditioning on testing, account for 

variations across individual subjects during testing using conditioning behavior, and reveal 

measurement reliability across multiple tests. 

To model these effects, several multi-level models were constructed using the mean 

levels of individual subject behavior as captured by the three main dependent variables normally 

used to quantify PMA task performance (i.e., time freezing, lever pressing, and time on platform; 

each log+1 transformed per section 1). And, since performance can vary across the 9 tone 

periods within a given conditioning session, the constructed models also included the effect of 

the within session predicted slope for each subject. These individual means and slope estimates 

were used as predictors for performance during the test phase, corresponding to their concordant 

outcome measure: For example, estimated means and slopes from time freezing during 

conditioning were used as predictors for time freezing during the test phase. See Figure 10a for a 

graphical representation of dependent responding during the training phase, and Figure 10b for 

responding during the test phase. 

 

 

 

 

 

 

 

 

 

 

Figure 10a. Dependent Responding During Conditioning. Error bands = +/- 1 SEM. 
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To begin the exploratory analysis, it was necessary to empirically determine the impact of 

the average dependent responding across days (i.e., individual subject means across days 1-10) 

as well as the dynamic dependent responding within days (i.e., individual slopes across tone 1-9 

across days 1-10). Following composition of these variables, simple ‘main effect only’ models 

were created containing the main effects of the variables of interest (AAV treatment 

(Arch/eYFP), laser (on/off), test type (solo/social)) as well as the corresponding average DV 

Figure 10b. Dependent Responding During Two-Tone Tests by Test Type and AAV Treatment. 

Error bands = +/- 1 SEM. 
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responding (mean of day 1-10 responding) and dynamic DV responding (slopes across tone 1-9, 

across days 1-10). No interactions were modeled between these variables. Following this main 

effect analysis, full factorial models were constructed using either average responding across 

training (mean), dynamic responding within sessions (slope), or both, depending on if they 

significantly accounted for variance in the initial main effect model. 

Time freezing 

Within the mixed-effect linear regression model predicting time freezing on test day, laser 

and mean time freezing accounted for significance variance in the main effects only model (laser 

(t(63) = -9.23,  p < .001); mean time freezing (t(18) = 2.12, p = .048), while time freezing slope 

estimate did not reach statistical significance (t(18) = 1.63,  p = .122). The result of mean time 

freezing during training significantly accounting for variance in a test data confirms statistically 

that the variable of time freezing within the PMA model has test-retest reliability as mean 

responding during training significantly predicts responding during test. Dynamic responding 

during training did not account for a significant amount of variance in test day responding, 

perhaps due to the limited number of trials on test day (two) relative to the number of trials 

during a single conditioning session (nine). 

Following the previously mentioned analytical plan, the variable of freezing slope 

estimate was excluded from the following full factorial model that was constructed. For the full 

factorial model, several individual variables and one interaction was found to be statistically 

significant (laser, (t(53) = -8.49,  p < .001); test type, (t(53) = -2.01,  p = .049); mean time 

freezing, (t(18) = 4.21, p < .001); the interaction of test type and mean time freezing, (t(53) = -

2.81, p = .007)). Critical for this exploratory analysis is comparing the overall model fit of the 

prediction of test day time freezing relative to a model that does not include training data in its 
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prediction of test day time freezing. This will inform if training data should be included as a 

matter of course in future model construction. To answer this question, small sample size 

corrected Akaike information criterion (AICc) scores were compared for the simple and full 

factorial models that used training data as predictors, relative to a full factorial model that does 

not include training data as predictors (see Table 5). While the inclusion of mean time freezing 

during training for a full factorial approach does result in a greater number of variables achieving 

statistical significance (an unspoken goal of research data analysis) the model itself fits the data 

worse than a model that excludes these variables (no training data full-factorial model AICc = 

242, training data full-factorial model AICc = 293). Interestingly, when a simple-main effects 

only-modeling approach is taken, the inclusion of mean time freezing does produce a better 

overall model (no training data simple model AICc = 220, training data simple model AICc = 

215). Overall, these results suggest that the inclusion of training data is at minimum useful for 

statistically confirming test-retest reliability of a dependent measure at hand (in this case, time 

freezing to a conditioned tone). Additionally, if an initial simple main effect modeling approach 

is the standard research data practice within a given laboratory, then inclusion of training data 

may also be effective (and is supported by these data) in producing better fitting statistical 

models for these initial main effect tests. 

 

 

 

 

 

 

Table 5. Fits for Model Predictions of Test Day Time Freezing. 

Models AICc 

No Training Data – Simple 220 

No Training Data –  Full Factorial 242 

Training Data – Simple 215 

Training Data – Full Factorial  293 
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Lever pressing 

 Within the mixed-effect linear regression model predicting lever pressing on test day, 

both the mean lever pressing during training and the training lever pressing slope estimates 

accounted for significant variance for the model only including main effects (mean lever pressing 

(t(18) = -3.58, p = .002); lever pressing slope estimate (t(19) = 2.53, p = .021)). Similar to time 

freezing, these results suggest that lever pressing has good test-retest reliability, not only in 

overall mean responding but also in dynamic within-session response changes.  

Following the same analytical method used in the exploratory analysis of time freezing, a 

full factorial model was then constructed with both the mean lever pressing during training and 

the lever pressing slope estimates during training used as predictors, in addition to the other 

independent variables. The lever pressing slope estimate was statistically significant (t(14) = -

3.33, p = .005), as was the interaction of test type and lever pressing slope estimate (t(40) = 2.07, 

p = .045), and the interaction of test type and laser (t(40) = 2.17, p = .036). Model fits were also 

compared using AICc scores (see Table 6), and it was found that the inclusion of the training data 

again produced the best fitting “simple” (non-factorial) model (results (no training data simple 

model AICc = 186, training data full-factorial model AICc = 180). Results were also mirrored for 

the comparison of full factorial model fit; the no training data model was a better fit (AICc = 

208) relative to the full factorial model that included training data as predictors (AICc = 272). 

Similar conclusions can be drawn again from these data: Inclusion of training data as a predictor 

improves model fits within a simple model construction format. Again, if the model is complex, 

inclusion of training data does not produce a better fitting model for these data. These results also 

again suggest that this method captures test-retest reliability and can provide unique insight into 
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the psychometric properties of the variables of interest. It also suggests dynamic within session 

responding is predictive of lever pressing during a test format. 

 

 

 

 

 

Table 6. Fits for Model Predictions of Test Day Lever Pressing. 

Time on platform 

 Within the mixed-effect linear regression model predicting time on platform on test day, 

neither mean time on platform during training, nor the slope estimate of time on platform within 

sessions across training accounted for a significant amount of testing variance within the simple 

(main effects only) model. These results can be contrasted again using AICc scores, wherein it 

was found that the best fitting model was one that did not include either mean time on platform 

or the slope estimate of time on platform (see Table 7). These results suggest that the dependent 

variable of time on platform does not have stable test-retest reliability. Future research using this 

dependent measure would be advised to establish test-retest reliability before using this variable 

in research paradigms that utilize optogenetic testing or single day testing following behavioral 

conditioning. 

 

 

 

 

Table 7. Fits for Model Predictions of Test Day Time on Platform. 

Models AICc 

No Training Data – Simple 186 

No Training Data –  Full Factorial 208 

Training Data – Simple 180 

Training Data – Full Factorial  272 

Models AICc 

No Training Data – Simple 253 

No Training Data –  Full Factorial 273 

Training Data – Simple 263 

Training Data – Full Factorial  339 
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Section 3: Consequences of traditional methods of interaction analysis 

Introduction 

 Neuroscience methods lag in their analytical approach, especially in modeling 

interactions between variables (Nieuwenhuis, Forstmann & Wagenmakers, 2011). Instead of true 

interaction modeling, many compare effect sizes across separate tests without an actual statistical 

comparison. This can occur when comparing experimental groups to controls, analyzing pre- and 

post-test data, or comparing effect sizes across brain areas without accounting for family-wise 

error. This oversight is also commonplace in optogenetic data analysis. 

Traditional and complex analysis: Analytical approach 

This final analysis section will examine the current data using an incorrect (but common) 

analysis approach as outlined by Nieuwenhuis et al. in their 2011 perspective paper. They noted 

that many published articles had flawed comparisons of effect sizes regardless of the journal 

prestige the article was published in (i.e., this flawed analysis style was found in articles 

published journals such as Nature, Science, Nature Neuroscience, Neuron, etc.). This comparison 

of effect sizes would occur when researchers used the common design of an experimental group 

and a control group, looking at the effect size of the manipulation on the experimental group, and 

then the control group using a t-test or one-way ANOVA. To explain this in depth, we imagine a 

hypothetical design in which the experimental group has had an active archaerhodopsin virus in 

their prefrontal cortex sensitive (the experimental manipulation), while the control group has 

only a control florescent protein producing virus. Both groups are being measured on social 

interaction during laser on periods (manipulation on) vs. laser off periods (no manipulation) in a 

test phase. For a flawed analysis of this type of design, the researchers would state the p value 

from a t-test for the effect of the laser on vs laser off for the experimental group’s dependent 
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responding (for example, p = .001 for differences during the laser on time period when compared 

to the laser off time period). They would then compare that result to the tested effect of the laser 

manipulation on the control group (for example, p = .1 for differences during the laser on time 

period when compared to the laser off time period). Using these results, researchers may then 

erroneously conclude that because a significant difference was found in the experimental group, 

but not the control group, we can draw the conclusion that optogenetic deactivation of the PFC 

decreased social interaction in the experimental group but not in the control group (thus 

implicating those targeted PFC neurons as necessary for social interaction behavior). This 

conclusion is not backed by statistics. In order to make that specific claim, there must be a direct 

statistical comparison between the control group and the experimental group, not simply a 

comparison of test results. In most designs, this can be accomplished by modeling the interaction 

between group placement (in this case, a between-subject binomial categorical variable 

representing placement in either the experimental group or the control group) and the 

manipulation (in this case, a within-subject binomial categorical variable indicating either laser 

on or laser off). In this example, that would mean the inclusion of a virus type × laser interaction 

in the model, followed by a post-hoc test (such as Tukey’s HSD) to statistically test if the mean 

differences were significant for that interaction variable within the model. 

 Recreating the traditional (erroneous) analysis using the data at hand required 12 

individual statistical tests, as there are two levels within each of the two between subject 

independent variables for the collected data (IVs: Virus type (Arch or eYFP) and test type (solo 

or social)), and three dependent variables (DVs: Time freezing, lever pressing, and time on 

platform; each log+1 transformed per section 1). Each of the 12 models using the simplistic 

approach will look at the effect of the laser being on compared to the laser being off using a 
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simple t-test (as indicated by Nieuwenhuis et al.). Another model (driven by statistical theory) 

will be created that statistically accounts for the interactions of two main variables of virus type 

(Arch or eYFP) and laser (on or off). Finally, a third model will also be constructed modeling all 

main effects and interactions of all variables within the study using a full factorial approach (i.e., 

virus type × laser, test type × laser, virus type × test type, and virus type × test type × laser). 

Traditional and complex analysis: Results 

 Within the tests constructed for the dependent variables of lever pressing and time on 

platform, no significant effects were found across those eight models. However, for two of the 

four models that were constructed to test the effect of laser on time freezing, the variable of laser 

was significant in the Arch condition (p = .002), but not in the eYFP condition (p = .08), when 

looking within the ‘solo test’ test type condition. See Figure 11a for a deceptive depiction of 

these data in the style of Smith et al., 2021. Finally, the last two of twelve remaining models 

(those testing the effect of laser on time freezing within the ‘social test’ test type data) had 

significant effects of laser for both the Arch (p < .001) and eYFP (p < .001) conditions. Note that 

all models constructed for this traditional analysis section did not incorporate a random effect 

structure to allow for a direct comparison of inclusion or exclusion of the interaction term on 

Figure 11a. Effect of Laser by Virus Type within the Solo Test Condition, Depicted Separately. 

** = p < .005. Error bands = +/- 1 SEM. 
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model significance. Additional models were constructed with the same random effect structure 

utilized for models constructed for the distributional analysis, and these models showed the same 

pattern of effects and non-effects as the models that did not include any random effect structures. 

 The finding of the within-subject ‘laser on’ manipulation resulting in a significant 

difference within both active and control virus groups suggests there may be a methodological 

issue within the administration of the laser manipulation, or virus manipulation (or both). The 

effect of laser should only be significant within the Arch experimental group, as the Arch group 

is the only group with virally inserted opsins that are sensitive to light in the cell walls of their 

ACC neurons. A finding of laser on producing behavioral change within the control group 

suggests that either the control group had active virus in the ACC, or that the laser itself acted as 

an unconditioned stimulus that triggered the same response in both groups. It is important to note 

that this effect was found in a small sample size and may itself be erroneous. 

Figure 11b. Effect of Laser by Virus Type within the Solo Test Condition Depicted Together. 

Error bands = +/- 1 SEM. 
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Within the more complex models that accounted for interactions effects, a similar series 

of non-significant results can be found for models predicting lever pressing and time on 

platform. However, proving Nieuwenhuis et al.’s point, the significant effect found in the 

prediction of time freezing for the Arch group but not the eYFP group was eliminated when the 

interaction between virus type × laser was included (see Figures 11a and 11b for a depiction of 

these data). It is also important to note that in the full factorial model, the variable of laser was 

significant within the model (p < .001), while no other variable or interaction of variables was 

significant (in particular, laser × test type, see Table 8). These data suggest that interaction 

modeling is an essential practice for accurate model building. 

 

 

 

 

Without Variable Interactions Modeled  

 Solo Condition 

Arch Treatment 

 

DF 

 

SS 

 

MS 

 

F 

 

Significance 

 Model 1 10.57 10.57 12.9 p = .0016 

 Error 22 18.01 0.82   

 C. Total 23 28.58    

 Solo Condition 

eYFP Treatment 

 

DF 

 

SS 

 

MS 

 

F 

 

Significance 

 Model 1 4.45 4.45 3.47 p = .081 

 Error 16 20.53 1.28   

 C. Total 17 24.98    

With Variable Interactions Modeled      

 Solo Condition 

(Virus type × Laser) 

 

DF 

 

SS 

 

MS 

 

F 

 

Significance 

 Model 3 15.34 5.11 5.04 p = .0049 

 Error 38 38.55 1.01   

 C. Total 41 53.89    

 Full Factorial 

(Virus type × Laser, Test Type × 

Laser, Virus Type × Test Type, 

Virus Type × Test Type × Laser) 

 

 

 

DF 

 

 

 

SS 

 

 

 

MS 

 

 

 

F 

 

 

 

Significance 

 Model 7 37.71 5.39 6.95 p < .0001 

 Error 78 60.47 0.78   

 C. Total 85 98.18    

Table 8. Results for Time Freezing Categorical Linear Regression Models with or Without 

Interaction Modeling. 
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Results Restated in Relation to Experimental Hypotheses 

Two main hypotheses were proposed: One to address an outcome of ACC inactivation 

resulting in decreased freezing (H1a) and increased avoidance (H1b), and another addressing an 

outcome of ACC inactivation resulting in increasing freezing (H2a) and in decreased avoidance 

(H2b). Statistical evidence for suggested neither hypothesis is likely relative to the null 

hypothesis, as inactivation did not produce an effect in the target Arch group relative to the 

control eYFP group. 

Chapter 4 – Discussion 

Summary of Main Results 

 The current study offers insight into the neurobiology of socially transmitted fear and 

avoidance behavior and the distributional, shared variance, and psychometric properties of the 

PMA task dependent measures. First, these data lead support to the idea that inhibition of ACC 

function following acquisition of socially transmitted fear does not produce a reduction in 

freezing behavior (directly aligning with the results of Jeon et al. (2010), Allsop et al. (2018), and 

Smith et al. (2021)). Second, the distributional properties of the three main dependent variables 

within PMA are non-normal and should be transformed to normality for statistical analysis. 

Third, the postulated shared variance relationships between these variables does not directly line 

up with previous literature and these interrelationships should be reconsidered in light of these 

findings. Forth, evidence gathered by using training data to predict test performance suggested 

that the test-retest reliability for the measures of time freezing and lever pressing was confirmed 

and they reliable across repeated measurement, while the reliability of time on platform was 

found not to be as robust. Finally, the comparison of a traditional neuroscience analysis approach 
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to a contemporary one shows the importance of modeling interaction for experimental data as a 

lack of interaction modeling can lead to erroneous models and incorrect theoretical conclusions.  

Inhibition of ACC Function 

 These data suggest that optogenetic photoinhibition of putative ACC neurons does not 

result in a reduction of cue-triggered conditioned freezing relative to an immunofluorescent 

expressing-only control group. Critically, this ACC inhibition was enacted following the 10-day 

training period where the acquisition of a conditioned observational fear response would have 

occurred. Previous studies have suggested this acquisition period may be when the ACC is active 

in encoding an observational fear engram (Jeon et al. (2010), Allsop et al. (2018), Han et al. 

(2019), and Smith et al. (2021)). Other studies, particularly Carrillo et al. (2019) and Zheng et al. 

(2020) found an effect of ACC inactivation following observational fear conditioning, however 

they both varied in terms of their procedure from the current study: Carrillo et al. used muscimol 

to pharmacologically inactivate the ACC following shock pre-exposure and observational fear 

conditioning with a partner. However, their procedure tested the difference between a group of 

rodents observationally conditioned to tone CS (‘CS’ group) relative to another group which had 

no tone associated with the observational fear (‘HighShockObs’ group). They found muscimol 

inactivation resulted in reduced freezing in the HighShockObs group, but not in the CS group. 

The current study used a CS tone alongside every presentation of a shock, therefore the results of 

Carrillo et al.’s inactivation of the CS group is the most theoretically applicable finding to these 

data, and they indeed agree with the null results explained previously. Zheng et al.’s findings are 

more nuanced, as they targeted specific ACC neuronal projection to the mediodorsal thalamus 

(MDL) and found contradictory results of both activation and inactivation of these projections 

producing reduced freezing. It is worth noting their technique in the statistical analysis of these 
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results was highly similar to the traditional data modeling approach that was shown in this thesis 

to result in erroneous conclusion. Overall, the current data suggests agreement with the majority 

of existing observational fear research experimentally testing ACC function: Specifically, that the 

ACC is not necessary for the expression of previously conditioned observational fear associated 

freezing behavior. 

Distributional and Shared Variance Properties 

 These results suggest the practice of distributional data analysis is a necessary step to 

building a linear regression model. While linear regression has long been considered “robust” to 

violation of assumptions, this assumption of robustness itself was demonstrated to be false with 

the current study, as shown by significant results appearing in non-transformed data, and the 

elimination of those results in models that were generated with variables that had less skew and 

kurtosis. Non-linear data structures will result in improper modeling of the underlying data and 

incorrect conclusions. Transformation to normality is an extra step, but one that must occur for 

informed judgements of model outcomes. 

Training Data Incorporation and Measure Reliability  

 The inclusion of training data in modeling test day responses allowed for a few unique 

analytical conclusions regarding the reliability of the task dependent measures, specifically that 

the test-retest reliability for the measure of time on platform may not be high under this 

experimental set up. Test-retest reliability for the other two main variables, time freezing and 

lever pressing, was confirmed. Validation of measurement tools and diagnostic statistical analysis 

such as this allows for increased confidence in experimental data. While this approach was 

limited in scope for this thesis project, future studies may wish to incorporate individual 

differences in training behavior to better model responding following training. Often inclusion or 
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exclusion of a given subject in a laboratory behavioral data set is judged based on specific 

criteria with hard cut-offs that can arbitrarily eliminate or include subjects who are near the cut-

off point. However, this binomial approach to subject inclusion leaves a spectrum of behavioral 

responses (and subjects) off the table analytically. By incorporating statistical analysis into this 

selection process researchers are provided with a better capture of subject performance during 

training, and potentially better modeling of the underlying processes being entrained. 

Interaction Modeling 

 While some fields take interaction modeling as a normal and necessary step in model 

construction (such as mechanical engineering, chemical synthesis, among many others), the 

practice of effect size comparison without statistical modeling is strikingly common in 

behavioral neuroscience, and among biological data modeling across many neuroscience related 

fields (Nieuwenhuis, Forstmann & Wagenmakers, 2011). The results presented in this thesis used 

laboratory data to show that incorrect modeling approaches can lead to incorrect conclusions. 

While the evidence against this practice is clear, this issue is widespread and does not appear to 

be going away any time soon. The allure of significant results, when united with both the 

pressure researchers and professors face to publish and improbability of publishing null results in 

the current academic climate, creates a temptuous incentive to engage in this practice. This may 

improve if the journal editors and reviewers require basic analytical modeling practices (such as 

always constructing a model that includes all interactions) for all scientific publication, however 

the present-day prominence of this error in many respected journals (Cell, Nature, etc.) suggests 

that this may not occur in the near future. In the meantime, it is beholden on researchers to 

carefully examine the analytical approaches of a given scientific article before leading credence 

to any experimental results from that article. 
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Future Directions and Concluding Remarks 

 Overall, the current study has provided evidence regarding the role ACC function in 

expression of an observationally conditioned fear response. These data also show the role of data 

analysis before beginning model construction, the benefit of psychometric analysis of behavioral 

data in evidencing measure reliability, and the necessity of interaction modeling to produce 

trustworthy analytic results. Future studies using the PMA task may benefit from incorporating 

the distributional transformation of the dependent variables, and further psychometric analysis of 

these variables also is warranted by these data. Interaction modeling is a basic step that is 

required by all data scientists who wish to construct valid statistical models and is highly 

recommended for researchers who wish to publish research that is replicable. Further 

investigation is needed to fully uncover the role of the ACC in the expression of observationally 

conditioned fear within a social active avoidance context, and the next natural step from these 

data and related research would be to inactivate the ACC during the training phase to see if the 

effect of ACC inactivation during the acquisition of observationally conditioned fear found by 

Jeon et al. (2010), Allsop et al. (2018), Han et al. (2019), and Smith et al. (2021) can be 

replicated. 
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Appendix A – Supplemental Figures 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S1a. Boxplots of Within-Subject Correlations Between Dependent Variables (Testing – 

Log+1). 

Figure S1b. Boxplots of Within-Subject Correlations Between Dependent Variables (Training – 

Log+1). 
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Figure S1c. Boxplots of Within-Subject Correlations Between Dependent Variables (Training – 

Day 10 Only). 

Figure S1d. Boxplots of Within-Subject Correlations Between Dependent Variables (Training – 

Day 10 Only – Log+1). 
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Figure S1e. Boxplots of Within-Subject Correlations Between Dependent Variables (Training – 

All 58 Animals). 

Figure S1f. Boxplots of Within-Subject Correlations Between Dependent Variables (Training - 

Day 10 Only – All 58 Animals). 
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Figure S1g. Boxplots of Within-Subject Correlations Between Dependent Variables (Training - 

Day 10 Only – Log+1 – All 58 Animals). 


