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Functional Magnetic Resonance Imaging Signature of Pain Anticipation and Clinical Depressive 

Symptomatology 

Molly Kadlec  

Abstract 

 Using functional magnetic resonance imaging (fMRI), this study tested the hypothesis 

that individuals diagnosed with major depressive disorder (MDD) are more likely to anticipate 

negative outcomes. The participants included thirty-one (15 females) unmedicated adults 

diagnosed with MDD and twenty-two (11 females) healthy control subjects with no history of 

MDD. fMRI data were collected during an event-related pain-anticipation paradigm, during 

which participants were cued to anticipate painful heat stimuli. Stimuli were delivered at high 

(moderately painful sensation) or low (mild painful sensation) intensity, and all cues were either 

known (high and low pain cues), or unknown (50% probability of high or low pain, which was 

not known to the participant), with a total of fourteen known and fourteen unknown anticipation 

trials. Based on prior findings regarding the importance of the insula cortex during pain 

anticipation, twelve insular regions (six on each side) were examined. Single-subject multi-voxel 

pattern analysis (MVPA) was used to create subject-specific activation maps for each 

anticipation condition. The mean activation (beta coefficient) was extracted within each insular 

region and was subjected to linear regression by way of a least absolute shrinkage and selection 

operator (LASSO). Following LASSO regression, prediction analysis was conducted on the test 

set (activation maps from fourteen unknown anticipation trials), based on the correlation with the 

training set (activation maps from fourteen known anticipation trials). Across each unknown 

anticipation trial, participants’ anticipation was classified as either high pain (HP) or low pain 

(LP). Several results were observed. First, we found that, within the chosen insular regions, 
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neurobiological signatures of high and low pain anticipation were distinguishable at a high 

sensitivity. Second, the anterior short gyrus on the right side showed the highest deterministic 

beta coefficient in anticipatory predictions in our study. Third, we found that across both groups 

more of the unknown anticipatory conditions were labeled as HP. Fourth, in the current sample, 

we found no significant relationship with overall depressive symptoms severity and anticipatory 

labeling. Nevertheless, as hypothesized, significantly more cases of unknown anticipation were 

labeled as HP in the depressed cohort than in the control group (𝜒"	= 3.9; p < 0.05).  

 

 

 

 
  



 vi 

Table of Contents  

Chapter 1: Introduction …………………………………………………………………………...1 

Chapter 2: Materials and Methods ………………………………………………………………..6 

Chapter 3: Results and Discussion ………………………………………………………………14 

Conclusion ………………………………………………………………………………………17 

References …………………………………………………………………………………….....20 

Appendix 1 ……………………………………………………………………………………....21  



 vii 

List of Tables  

Table 1 ……………………………………………………………………………………………7 

Table 2 …………………………………………………………………………………………..16 

  



 viii 

List of Figures  

Figure 1 …………………………………………………………………………………………...4 

Figure 2 …………………………………………………………………………………………...9 

Figure 3 ………………………………………………………………………………………….12 

Figure 4 ………………………………………………………………………………………….15  



 1 

Chapter 1: Introduction  

Individuals diagnosed with major depressive disorder (MDD) tend to express greater 

instances of pessimistic and negative prospection than healthy individuals. The current study 

utilizes functional magnetic resonance imaging (fMRI) to evaluate the neurologic signatures of 

ambiguous pain anticipation, as a measurement of individuals’ implicit predictive styles. 

Understanding the neurobiological differences in how individuals with MDD anticipate varying 

levels of pain, has many potential clinical applications. Classification based on functional 

neurologic signatures of pain anticipation could be used to objectively differentiate between 

MDD and healthy patients, as well as subtypes of MDD (those who express optimistic predictive 

styles, and those with pessimistic predictive styles). These findings could also constitute a visual 

representation of pessimism, or negative processing bias common in depression. Characterizing 

these subtypes could facilitate more effective personalized treatment plans. For example, in 

cognitive behavioral therapy (CBT), a common form of psychotherapy prescribed for the 

treatment of MDD, understanding an individual’s predictive style could allow for CBT treatment 

objectives to be tailored on a patient-by-patient basis.  

For the purposes of this study, fMRI was used, as opposed to other functional 

neuroimaging techniques, such as magnetoencephalography (MEG) and electroencephalography 

(EEG), because it has the power to measure changes in blood-oxygen-level dependent (BOLD) 

signals at greater cortical depths, with high spatial and acceptable temporal resolution. Both EEG 

and MEG are limited by the thickness of the skull and cortex, and so cannot reliably be used to 

assess functional activity in the deeper regions that play a crucial role in depression and are of 

interest for this trial. Specifically, based on earlier investigations of pain anticipation-related 

BOLD signal changes, we expected variations most relevant to the pain paradigm to be visible in 
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insular regions located deep within the cerebral cortex1. The insular cortex, or the island of Reil, 

is located in the lateral sulcus of each hemisphere.  

Previous studies have determined that the quantitative assessment of pain is possible 

using fMRI. In a 2013 study by Wager et al., a machine learning approach, LASSO-PCR (least 

absolute shrinkage and selection operator-regularized principal components regression), was 

proposed with high specificity and sensitivity for discrimination between: (1) non-painful and 

painful heat stimuli based on subject report post-stimulation, and (2) between pain anticipation 

and pain recall2. Thus, we are confident that fMRI is the optimal modality to study the functional 

neurobiological signatures of pain anticipation under ambiguity. 

It is important to note that for the purposes of the aforementioned study by Wager et al., 

(2013), the levels of heat used to invoke painful and non-painful responses were based on post-

stimulus self-report2. Thus, the temperatures reported as painful and non-painful differed across 

subjects, and the same temperature could be rated as both painful in one trial and non-painful in 

another. To avoid any variation introduced by subjective pain ratings, the current study used two 

predetermined and consistent temperatures across subjects and specifically examined the 

anticipatory condition before the actual stimulation occurred. This is important given that self-

report of pain is often limited in vulnerable populations, such as those diagnosed with MDD. The 

ability to distinguish between the two levels of heat with machine learning in the Wager et al. 

study, verified that the neurobiological signatures of painful and nonpainful stimuli sensation, 

regardless of subjective interpretation, differed significantly. This ability to discriminate between 

levels of pain, and, between periods of pain and anticipation, supports the basis of the 

classification methods used in this study. 
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Classification will be based on neurologic signature-derived insula activation maps. 

Previous studies have assessed both the neurologic signatures of pain and pain anticipation, and 

an overall neurologic signature of physical pain was found to include activation in the bilateral 

dorsal posterior insula, secondary somatosensory cortex, anterior insula, ventrolateral and medial 

thalamus, hypothalamus, and dorsal anterior cingulate cortex2. These findings support what we 

know to be true of the function of these regions in pain processing. Specifically, the anterior 

cingulate cortex contains nociceptive-specific neurons that should respond to temperature and 

painful stimuli. Also, the thalamus, secondary somatosensory cortex and dorsal posterior insula 

are commonly classified as sensory-discriminative regions, and typically discriminate between 

different sensory intensities and location. 

Similar regions were implicated in the results of a previous study published by Strigo et 

al. (2008). It was found that during the anticipation of pain, MDD patients displayed 

significantly increased activation in the right anterior insular region, dorsal anterior cingulate, 

and right amygdala, as compared to healthy, never depressed, subjects3. In MDD subjects, 

activation was also found bilaterally in the dorsolateral prefrontal cortex3. Finally, in the healthy 

controls, compared to MDD subjects, increased activation in the right caudate, bilateral 

precuneus, right posterior cingulate cortex, and ventral brain stem, was found during the 

anticipation of painful stimuli (Figure 1) 3. It was expected that upon careful analysis of the 

determinants of classification, the results of the current study would show similar increases in 

activation of relevant insular regions, and as a result, the greatest deterministic effect in the 

classification of subjects. 
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Figure 1: Results from Strigo et al, 2008 study performing fMRI in major depressive disorder 

patients and healthy controls. Warm regions indicate brain area that show increased activation in 
MDD patients during the anticipation period. Cool regions indicate areas that are increased in 

healthy controls as compared to MDD patients3. 
 

In addition to the elevated activity found in the brain regions highlighted in Figure 1, a 

later study conducted by Strigo et al. (2012), also found that patients diagnosed with MDD 

displayed a decrease in frontal regulation correlated with Beck Depression Inventory-II (BDI-2) 

scores during the pain anticipation period3. This decrease in frontal regulation was suspected to 

be due to MDD subjects feeling overwhelmed by the inability to regulate or control a possible 

negative outcome. It was further expected that due to these differences seen between healthy 

controls and MDD subjects, that those with an MDD diagnosis and symptomatology would have 

a greater instance of high-pain anticipatory classification than healthy controls.  

Single-subject multi-voxel pattern analysis (MVPA) was used to identify an individual’s 

(i.e., subject-specific) fMRI signatures of pain anticipation at two different levels, high-pain (HP) 

and low-pain (LP), which were made known to the individual during the experiment. The HP 

and LP fMRI signatures, extracted from the known anticipation experiments, were applied to an 

independent fMRI experiment in which the participant was aware that pain would be delivered, 

but was unaware of the level of pain. MVPA is a relatively new supervised machine learning 
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technique for the analysis of high-dimensional fMRI data. The technique was developed with the 

objective of investigating the patterns that are present in functional neurobiological data in order 

to infer the functional role of the implicated brain regions4. MVPA was chosen for this study 

because it considers the global change in BOLD signal relative to conditional changes, as 

opposed to univariate pattern analysis which instead considers the change in each brain region 

independently. MVPA also allows for the avoidance of common univariate analysis limitations, 

such as over- and/or under-emphasis of BOLD signal changes. Previous studies have found that 

ensemble fMRI signals, identified by MVPA, can accurately predict an individual’s subjective 

perception, attention, and mental state5. Through supervised learning, MVPA can be used to 

classify data based on experimental conditions6. To date, this is the first known study that will 

use MVPA to assess unknown pain anticipation in a depressed cohort. 

The current study first identified functional characteristics to differentiate between the 

neurobiological signatures of pain anticipation at two levels (i.e., “high” or “low”), and created 

two corresponding activation maps. Second, insular regions of interest (ROIs), selected based on 

relevant previous findings, were mapped to high-dimensional space. MVPA was then utilized to 

label individuals based on the correlation of their neurobiological signature recorded during the 

unknown anticipation condition, with the two signatures previously identified for the known 

anticipation conditions. Lastly, after labeling each individual anticipation trial, the study 

examined the deterministic effect of activation within each insular region on labeling, and 

analyzed differences present between the depressed subjects and healthy controls. It was 

hypothesized that individuals diagnosed with MDD will anticipate high pain, as opposed to low 

pain, at a higher frequency than healthy subjects. 
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Chapter 2: Materials and Methods  

2.1 Participants  

Data for a total of fifty-three participants, including twenty-two healthy controls (11 

female, mean ± SD age, 26.7 ± 8.5), and thirty-one individuals diagnosed with MDD (15 female, 

mean ± SD age, 27.6 ± 7.7) was obtained with permission from a previous study conducted at the 

University of California, San Diego (Strigo et al, 2013)7. There was no significant difference in 

age, race, level of education, marital status, or gender distribution of the healthy control subjects, 

as compared to the MDD subjects (Table 1). Subjects were recruited by using fliers at the 

University of California, San Diego clinics, internet sites (for example, Craigslist), local 

papers and the word of mouth, and there was no overlap with a previously published sample 

(Strigo et al., 2008). Prior to participating in the study, which was approved by the University 

of California San Diego Human Research Protection Program and Veterans Affairs San Diego 

Healthcare System Research and Development Committee, all participants gave their written 

informed consent. To establish current and past psychiatric diagnoses, each subject underwent a 

Structured Clinical Interview according to the Diagnostic and Statistical Manual for Mental 

Disorders (DSM)-IV which was administered by trained interviewers8, and completed the BDI-2, 

a commonly used measurement of depression severity9. A diagnosis of depression for each of the 

individuals in the MDD cohort, was ultimately confirmed by a board-certified psychiatrist. 

Subjects were excluded from the study if they: (1) used psychotropic medication within the 

last 30 days; (2) fulfilled DSM-IV criteria for alcohol/substance abuse or dependence within 

30 days of study participation; (3) fulfilled DSM-IV criteria for lifetime bipolar or psychotic 

disorder; (4) had ever experienced a head injury; (5) had clinically significant comorbid 

medical conditions, such as cardiovascular and/or neurological abnormality, or any active 
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serious medical problems requiring interventions or treatment; (6) had a history or current 

chronic pain disorder; (7) had irremovable ferromagnetic material; (8) were pregnant or 

claustrophobic; and (9) were left-handed. All female subjects were scanned during the first 

ten days of their menstrual cycle7. 

 22 Non-MDD 31 MDD Stats 
 Mean s.d. Mean s.d. 𝑡/χ"	 p 
Demographic variables  
Gender 
Age (years) 
Education (years) 
Marital status 
     Married/living with partner 
     Single  
     Separated/divorced 
Race 
     African American  
     Asian  
     Caucasian  
     Other  

 
11M 
26.8 
15.2 

 
N=4 
N=18 
N=0 

 
N=2 
N=5 
N=10 
N=5 

 
11F 
8.7 
1.3 

 

 
16M 
27.6 
14.7 

 
N=4 
N=24 
N=3 

 
N=3 
N=7 
N=13 
N=8 

 
15F 
7.8 
1.8 

 
0.03 
0.35 
1.0 

 
2.4 

 
 
 

0.84 

 
0.86 
0.72 
0.30 

 
0.30 

 
 
 

0.36 

Clinical Variables  
Age of MDD onset 
Number of previous episodes  
Comorbid diagnosis  
     Post-traumatic stress disorder 
     Generalized anxiety disorder 
     Panic disorder 
     Social phobia  

   
22 
2 
 

N=3 
N=2 
N=4 
N=2 

 
7 
1 

  

Psychological variables  
Beck Depression Inventory-2  

 
1.1 

 
1.9 

 
25.5 

 
8.4 

 
13.0 

 
<0.01 

Table 1: Demographic, clinical, and psychological variables of study cohort7. (Abbreviations: F, 
females; M, males; MDD, major depressive disorder; Non-MDD, never-depressed controls.) 

(Table with selected data from Strigo et al., 2013)  
 

2.2 Study Design  

Participants in this study were scanned in two separate sessions according to a validated 

cued pain-anticipation paradigm7. All participants experienced the same set of pain stimuli 
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within each session. The stimulation was delivered through a 9cm2 thermode (Medoc TSA-II, 

Ramat-Yishai, Israel) on the participant’s left forearm, as described in the primary study7. The 

schedule of stimuli differed between sessions in a pseudorandom and counterbalanced order. The 

periods of anticipation were ten seconds long and began with a cue that signaled high, low, or 

unknown pain. More specifically, ten seconds prior to the onset of pain, the participants were 

presented with an image of a colored cross. A red cross indicated high pain, a green cross 

indicated low pain, and a yellow cross, indicated pain of unknown intensity (at 50% probability 

being high or low, which was not known to the subject). These anticipation periods were 

followed by seven seconds of either high or low pain. The high pain stimulation was 

administered at 47.5ºC and the low pain stimulation at 45.5ºC, both of which had a rise and fall 

rate of 10ºC/sec. In all instances when the level of pain was cued, the participant received the 

accurate corresponding level of pain. When an unknown cue was given, the participant 

experienced either the high or low pain. Each temperature stimulation was followed by a period 

of rest, signaled by a change in the color of the cross to blue, that was jittered between 24 to 30 

seconds (aside from the short period of rest before the first temperature stimulus in each session, 

which lasted 7 and 10 seconds, respectively). Each session included 14 separate anticipation-pain 

conditions and lasted a total 618 seconds. The repetition time (TR) for the fMRI scan was 1.5 

seconds and resulted in 412 total frames. In Session 1, there were three HP-cued conditions and 

four LP-cued conditions. The other seven conditions began with an unknown cue (UNK), three 

of which were followed by low pain delivery, and four with high pain. In Session 2, there were 

four HP conditions, three LP conditions, and of the seven UNK conditions, four were followed 

with low pain and three were followed with high pain. In combination, there was a total of seven 

HP, seven LP, and fourteen UNK (with seven LP and seven HP) conditions (Figure 2). Since this 
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study is focused on pain anticipation, the fourteen known conditions (HP and LP) were used as 

the training set for MVPA supervised learning, and the fourteen unknown conditions, regardless 

of following pain stimulation level, were used to test the resulting model. 

 
Figure 2: Outline of pain anticipation and stimulation timeline for Session 1 and Session 2. RED 
represents high-pain cue followed by high pain administration (HP). GREEN represents low-pain 
cue followed by low pain administration (LP). YELLOW represents unknown pain cue followed 

by high or low pain administration (UNK). 
 

2.3 fMRI Protocol 

 Two fMRI sessions (412 brain volumes per run) sensitive to blood oxygenation level-

dependent (BOLD) contrast were collected for each subject using a 3.0 Tesla GE Signa EXCITE 

scanner (GE Healthcare, Milwaukee, WI, USA) (T2*-weighted echo planar imaging, 

TR=1500 ms, TE=30 ms, flip angle=90, FOV=23 cm, 64 × 64 matrix, 30 2.6-mm 1.4-mm gap 

axial slices) while they performed the paradigm described above (Figure 2). The fMRI 

acquisitions were time-locked to the onset of the task. During the same experimental session, a 

high-resolution T1-weighted image (FSPGR, TR=8 ms, TE=3 ms, TI=450 ms, flip angle=12, 

FOV=25 cm, 172 sagittal slices, 256 × 256 matrix, 1 × 0.97 × 0.97 mm3 voxels) was obtained for 

anatomical reference. 

2.4 fMRI Image Processing  

All fMRI data was preprocessed using a MatLab based functional connectivity toolbox, 

CONN (www.nitrc.org/projects/conn)10. In order to denoise and align the images for analysis, 

fMRI time-series data was registered to the structural T1-weighted images, for each participant. 
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Further analysis was conducted on the anticipation periods using the Analysis of Functional 

NeuroImages (AFNI) software package11. fMRI data of one MDD participant (male) was not 

included in further analyses due to low quality time-series data discovered during preprocessing.  

Preprocessing was completed using CONN’s default preprocessing pipeline10. The 

pipeline included the following consecutive steps: (1) functional realignment and unwarp, (2) 

functional center to (0,0,0) coordinates, (3) functional slice-timing correction, (4) functional 

outlier detection, (5) functional direct segmentation and normalization, and (6) functional 

smoothing. For the functional outlier detection (step 4) the intermediate settings were chosen 

with 97th percentile in the normative sample. For segmentation and normalization (step 5), 

default tissue probability maps were used for the simultaneous segmentation of gray, white, and 

cerebrospinal fluid (CSF) and Montreal Neurological Institute (MNI) coordinate normalization. 

The smoothing kernel used in the functional smoothing (step 6) was 4mm full-width half-

maximum (FWHM). Next, denoising was performed on the functional data. For denoising, linear 

detrending and regression of the confounding effects of realignment and scrubbing was 

completed. Despiking was implemented before regression and a band pass filter of [0.008Hz, 

infinity] was applied after regression.  

Preprocessed time-series data for each individual was analyzed using a multiple 

regression model corrected for autocorrelation consisting of twenty-eight anticipation-related 

regressors and twenty-eight stimulus-related regressors, convolved with the block stimulus 

hemodynamic response function (HRF) 

(https://afni.nimh.nih.gov/pub/dist/doc/program_help/3dDeconvolve.html)11. The 28 

anticipation-related regressors modeling the entire anticipation period consisted of: (1) 

anticipation of moderately painful heat stimulation, that is, high pain anticipation (n=7), (2) 
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anticipation of mildly painful heat stimulation, that is, low pain anticipation (n=7), and (3) 

anticipation of unknown painful heat stimulation (n=14). All stimulation conditions (14 high 

pain and 14 low pain) were modeled as regressors of no interest. Six additional regressors were 

included in the model as nuisance regressors: one outlier regressor to account for physiological 

and scanner noise (that is, the ratio of brain voxels outside of 2 standard deviations of the mean 

at each acquisition), three movement regressors to account for residual motion (in the roll, pitch 

and yaw directions) and regressors for baseline and linear trends to account for signal drifts. To 

reduce the false positives induced by cross correlations, the time-series data were fit using the 

AFNI program 3dREMLfit11. Data from each subject were normalized to their own preprocessed 

MNI coordinates that were an output of the CONN preprocessing package.  

2.5 Single-Subject Multi-Voxel Pattern Analysis  

MVPA was used to analyze each participant’s fMRI data on an individual level. In order 

to classify individual anticipation trials in a single-subject approach, each subject’s activation 

map was created based only on their responses during the experiment, as opposed to averaging 

regional activation across all participants. Per subject, the training set, which included the 

fourteen combined HP and LP trials, were input to the classifier first to analyze the conditional 

differences. This allowed for the discrimination between each individual’s neurobiological 

signature of high and low pain anticipation. MVPA requires the specification of a higher space 

within which to assess the voxels.  

Masks of the insular ROIs were created in MNI space using AFNI and were applied to 

the functional activation maps using 3dDeconvolve. Six regions were selected on each side (left 

and right), for a total of twelve regions: (1) posterior long gyrus, (2) anterior short gyrus, (3) 

middle short gyrus, (4) posterior short gyrus, (5) anterior inferior cortex, and (6) anterior long 
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gyrus (Figure 3).  Using a separate AFNI program, 3dROIstats 

(https://afni.nimh.nih.gov/afni/doc/help/3dROIstats.html)11, the mean activation was extracted, 

as the beta coefficient, from each region during each anticipation trial and imaging session.  

 
Figure 3: 3-dimensional rendering of selected insular regions on right side. Pink: anterior 

inferior cortex. Orange: anterior short gyrus. Green: middle short gyrus. Dark blue: posterior 
short gyrus. Light blue: anterior long gyrus. Yellow: posterior long gyrus.   

 
 

2.6 Regression Analysis of Regional Mean Activation  

 In order to predict each participant’s anticipation during ambiguous trials, i.e., unknown 

pain anticipation, based on their known anticipation neurobiological signature, the regional mean 

activation first underwent regression analysis, by way of a least absolute shrinkage and selection 

operator (LASSO). The LASSO regression model is based on only a subset of covariates, and 

was performed in R (https://www.r-project.org/)12 using the glmnet package (https://cran.r-

project.org/web/packages/glmnet/index.html)12 for Lasso and Elastic-Net Regularized General 

Linear Models. LASSO was performed on a single-subject basis, in which the training set was an 
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individual’s mean insular activation during known anticipation trials (HP and LP), and the test 

set was the same individual’s mean insular activation during the unknown anticipation trials. 

Regression was first fit to the training set. Next, cross-validation of the generalized linear model 

was executed through glmnet prior to performing predictive analysis for the purposes of labeling 

individual unknown anticipation trials.  

2.7 Labeling of Unknown Conditions  

After LASSO regression analysis was completed on the training set, prediction analysis 

was conducted on the test set (the insular mean activation during each of the fourteen trials with 

the unknown pain cue, regardless of actual pain). For simplicity, predictions were made at a 

binary level (high versus low), based on the correlation of the beta coefficients to the cross-

validated glmnet model. Output of the prediction analysis was either high (1) or low (0) for each 

anticipation trial. The predicted anticipation of each of the fourteen unknown anticipation trials 

was calculated based on regional insular activation, and recorded separately for each participant 

for further statistical analysis.  

2.9 Statistical Analysis  

To compare the proportion of healthy controls and depressed subjects that anticipated 

high or low pain, chi-square tests were executed on the LASSO linear regression and prediction 

analysis results. Specificity and sensitivity were also calculated to determine the effectiveness of 

the LASSO model. A chi-square test was additionally completed to determine statistically 

significant differences in deterministic beta coefficients following prediction analysis. The 

clinical measure used for the purposes of analysis was the BDI-2 questionnaire completed by 

each participant. The proportion of MDD and healthy controls in each group was assessed, along 

with the individual BDI-2 scores.  
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Chapter 3: Results and Discussion 

3.1 Neurologic Signatures  

In regards to the insular regions implicated in the activation maps created for this study, 

the most significant region in the determination of anticipatory predictions, across all subjects, 

was the anterior short gyrus on the right cortical hemisphere (Figure 4). This was also consistent 

with previous findings from Strigo et al. and could indicate a region of interest for 

pharmaceutical targeting in the treatment of depression7. The right anterior short gyrus was 

found to be deterministic in prediction analysis for eleven of the fifty-two fully-processed 

subjects’ fMRI data. There was also found to be a statistically significant difference in the 

incidence of regional determinism among healthy controls as compared to MDD subjects. The 

right anterior short gyrus was found to be deterministic in ten of the twenty-two healthy controls, 

and only one of the thirty MDD participants (𝜒" = 13.5, p = 0.00024). At a lesser overall 

incidence (nine of fifty-two), a statistically significant difference between the two study groups 

was found in the deterministic beta weight of the middle short gyrus on the left side as well. 

Seven of twenty-two healthy controls, and two of thirty MDD subjects’ anticipatory prediction 

was most strongly derived from the mean activation of this region (𝜒"= 5.61, p = 0.018) (Figure 

4). Lastly, although a high overall deterministic incidence rate was recorded for the left anterior 

long gyrus (eleven of fifty-two), there was no statistically significant difference between the 

incidence in healthy controls versus MDD subjects (𝜒" = 0.06, p = 0.81). Appendix 1 details 

these findings in all twelve insular ROIs. It is recommended that further studies explore the 

significance of these particular regions, and whether these differences are consistent in a larger 

cohort, and/or over the course of multiple scans.  
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Figure 4: Rendered image of insular regions included in the current analysis. Regions that 

are statistically significant in incidence differences between healthy controls and MDD subjects 
are highlighted; right anterior short gyrus (green) and left middle short gyrus (dark blue).  

 

3.2 Behavioral Differences  

Depression severity was measured in each group using the BDI-2 scale. There was a 

statistically significant difference (p < 0.01) in the scores of each group; the average BDI-2 score 

of the control group was (1.1 ± 1.9), and (25.4 ± 8.4) was the average BDI-2 score of the 

depressed cohort. Scores in the depressed cohort ranged from 14-46 which is indicative of mild, 

moderate, or severe depression, whereas the healthy participants scored 0-8 which falls entirely 

within the range indicative of minimal depression9. Although the two groups differed 

significantly in BDI-2 scores, there was no statistically significant relationship between overall 

depression severity and anticipatory labeling. Thus, it is suggested that future studies assess 

whether duration of depressive symptoms, regardless of severity at the time of fMRI data 

collection, has a statistically significant relationship with anticipatory labeling, and examine the 

contribution of specific BDI-2 symptom clusters. 

3.3 Anticipatory Labeling 

 It was found that the functional neurologic signatures of HP and LP anticipation were 

distinguishable at a single-subject level. This was consistent with our expectations and previous 
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findings from Wager et al., and further asserts that there is a neurologic signature of pain 

anticipation that varies with expected pain intensity2. After labeling each anticipation trial on a 

single-subject basis, it was found that across both groups more of the unknown anticipatory 

conditions were labeled as high pain (Table 2). Still, as hypothesized, it was found that 

significantly more cases were labeled as HP in the depressed cohort, as compared to the control 

group (𝜒"	= 3.9; p < 0.05).  

 Healthy Controls MDD 

High Pain Prediction 242 354 

Low Pain Prediction 66 66 

 78.58% ± 0.41% 84.29% ± 0.36% 

𝜒"  3.9 

p-value  0.048* 

Table 2: Results from LASSO predictive analysis.  
*Significance level p ≤	0.05.  
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Chapter 4: Conclusion  

The results of this study have furthered our understanding of major depressive disorder, 

and its relationship with the perception, and more specifically, the anticipation, of negative 

outcomes. It has been found that depressed individuals anticipate negative outcomes more 

frequently than non-depressed, healthy controls. The current study was conducted on a small 

sample of depressed and non-depressed individuals and it is believed that future analysis of a 

larger cohort will depict similar, if not more significant, results.  

A confounding variable in the accurate diagnosis of depression is self-report. Ideally, 

understanding inherent neurobiological responses to this pain-anticipation paradigm could aid in 

the diagnosis of MDD. With this discovery, physicians should be able to objectively quantify a 

patient’s physical and mental response to an anticipated pain stimulus. Further, the ability to 

distinguish between signatures of healthy individuals and individuals diagnosed with MDD, 

could aid in the accurate diagnosis and treatment of MDD. For pharmaceutical treatment 

purposes, regions of dysregulation in the neurologic signature of MDD, such as the right anterior 

short gyrus and left middle short gyrus of the insula, could serve as potential targets for drug 

development or neurosurgical stimulation. 

  There are a few limitations to this study. First, the sample size of the cohort was small. In 

a continuation of this study, a larger sample, including MDD patients, healthy controls, and 

patients diagnosed with a variety of related psychopathologies, such as post-traumatic stress 

disorder and bipolar disorder, will be analyzed. Second, the temperatures used for mild and 

moderate pain, may have elicited varying responses in participants. While this may add some 

variability to the study in terms of the analysis of pain perception, numerous studies have shown 

that the threshold for nociceptor temperature activation is roughly 45º C, and both the high and 
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low pain trials were conducted with temperatures greater than this threshold2,13. Additionally, 

prior to scanning, participants were delivered both levels of the thermal stimuli to ensure 

tolerance and safety7. Third, the behavioral measure used in this study was based on a subjective 

self-report questionnaire. This is a concern of all psychiatric cohorts in clinical trials, but the 

proven accuracy of the BDI-2 measure supports its use in diagnosing and characterizing 

depression in a wide array of patients14. Also, there was a statistically significant difference in 

BDI-2 scores of healthy control subjects and MDD subjects in this study. Fourth, there were only 

a limited number of known and unknown trials to use for supervised learning with MVPA. 

Therefore, cross-validation performed during LASSO regression was employed to avoid any 

negative biases in classification. Future studies should aim to include more trials and/or sessions. 

Fifth, and finally, all subjects were classified as belonging to one of two groups. The binary 

outcome likely does not capture the full range of anticipation presentations of the participants, 

but allows for preliminary interpretations to be made regarding group-membership based on the 

presence or absence of MDD. Future studies should consider a spectrum of classification 

possibilities.  

It is recommended that future studies also include participants’ duration of depressive 

symptoms as a factor in further assessing this classification measure. Similarly, future studies 

should include analyses on the relevance of other behavioral measures, such as the Pain 

Catastrophizing Scale15 and Connor-Davidson Resilience Score16, to the classification outcomes. 

To amplify the findings of this study, a larger cohort with a vast array of psychiatric and 

neurological disorders, in particular, post-traumatic stress disorder and bipolar disorder, should 

also be investigated.  
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The results of the current study indicate that depressed individuals predict negative 

outcomes at a greater rate than healthy individuals. These findings have the potential to further 

our understanding of negative perception bias and pessimistic propensities common in major 

depressive disorder, aid in the individualization of psychiatric treatments, and introduce new 

structural regions of interest for pharmaceutical targeting.   
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