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The ability to orient attention towards threat is necessary for our survival. This ability allows us to identify and respond to threats to our well being. Orienting attention to threat is a basic cognitive process with implications for the study of anxiety disorders, such as panic disorder and somatoform disorders. Recent research suggests that the development of these anxiety disorders can be precipitated by cognitive states such as hypervigilance towards threat (see Dowman & ben-Avraham, 2008). By studying how attention is oriented towards threatening stimuli, we may gain insight into possible causes and treatments for anxiety disorders.

Electrophysiological studies in our lab have resulted in a hypothesis explaining how threats to the body are detected and capture attention (Dowman 2007a, 2007b). The hypothesis posits that threats to the body are detected by threat feature detectors located in the dorsal posterior insula. This threat detector activity is monitored by the medial prefrontal cortex, which signals the dorsolateral prefrontal cortex to orient attention toward the threatening stimulus. Dowman and ben-Avraham (2008) developed an artificial neural network model to test the threat detection hypothesis. The model successfully simulated both the electrophysiological and behavioral reaction time data. The electrophysiological and reaction time data simulated by the model were obtained using an endogenous cuing paradigm, where a symbolic cue given at the beginning of each trial directed the subject to voluntarily orient his or her attention toward either a visual (e.g., red or yellow LED) or somatosensory (e.g., electrical stimulation of a nerve) target stimulus. The target stimulus followed the cue by 1.5 seconds. In validly cued trials the cue correctly predicted the target stimulus. Conversely, in invalidly cued trials, the cue incorrectly predicted the target stimulus. Subjects exhibited faster reaction times in the validly cued condition.  Furthermore, the reaction times were faster for threatening targets than non-threatening targets, but only in the invalidly cued condition (Dowman, 2007a, 2007b, Dowman & ben-Avraham 2008).  
Many studies examining the attentional bias towards threat in normal vs. anxious subjects use the exogenous cuing paradigm. The exogenous cuing paradigm is designed to measure the cue’s ability to automatically capture attention.  In the exogenous cuing paradigm, a task irrelevant cue precedes the target. The amount of time between the cue and presentation of the target is 100 ms, thus involving automatic, stimulus driven, attention processes. As opposed to the endogenous cuing paradigm which involves voluntary shifts in attention, which first occur after 300 ms (see Dowman 2007a). In the exogenous cuing paradigm, the target is either in same location as the cue (validly cued) or in a different location (invalidly cued). Reaction times are faster in the validly cued condition than in the invalidly cued condition; this difference is larger for threat in the validly cued condition but not in the invalidly cued condition. 

The goal of this study was to determine whether the artificial neural network model of threat detection and orienting developed for our endogenous cuing studies would generalize to the exogenous cuing paradigm. 
Generalizing the Model to the Exogenous Cuing Paradigm

Dowman and ben-Avraham’s (2008) neural network model was modified to simulate Koster et al.’s (2007) exogenous cuing experiment. The cues were International Affective Picture System images. These images are ranked based on how threatening their content is to a viewer. For example, a high threat level image might show a mutilated body. These images allowed the experimenters to present cues of varying threat level, from nonthreatening to highly threatening. The reaction time effects of cue threat and validity are shown in table 1. Reaction times were faster in the valid condition than in the invalid condition, and faster for threatening cues than nonthreatening cues in the validly cued condition but not in the invalidly cued condition. 
	Cue Valence
	Cue Validity
	Reaction Time (ms)
	Simulated Reaction Time (ms)

	High Threat
	Valid
	330
	330

	
	Invalid
	361
	361

	
	Validity Effect
	31
	31

	Mild Threat
	Valid
	335
	335

	
	Invalid
	363
	361

	
	Validity Effect
	28
	26

	Neutral
	Valid
	341
	341

	
	Invalid
	357
	360

	
	Validity Effect
	16
	19


      Table 1:  Koster et al.’s experimental results and our model’s simulated results. 

                     Validity effect = invalidly cued – validly cued
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Figure 2: The neural network model architecture.


The architecture that best fit Koster et al.’s experimental data is shown in Figure 1. The numbers represent the connection strengths between the nodes. All inhibitory connections are bidirectional. The target nodes (Tl, Tr), middle nodes (Ml, Mr), and response nodes (Rl, Rr) mediate the target-response task. The cue nodes (Cl, Cr) automatically capture attention via their bidirectional excitatory connections with the sensory attention nodes (Al, Ar). The threat detector nodes (Ctl, Ctr) correspond to the threat feature detectors in the dorsal posterior insula. These threat detector nodes have feed-forward connections to the medial prefrontal cortex nodes (mPl, mPr) that monitor threat detector activity. The sensory (Al, Ar) and response (ARl, ARr) attention nodes correspond to the dorsolateral prefrontal cortex activity which provides attentional bias to the sensory and motor areas. Presentation of the cue was simulated by adding external input to a cue node (Cl, Cr). Similarly, the threat level of a cue was simulated by adding external input to a threat detector (Ctl, Ctr). The presentation of a target was simulated by adding external input to one of the two target nodes (Tl, Tr). The validly cued condition was simulated by adding external input to the cue and target nodes on the same side (e.g. right cue, right target). The invalidly cued condition was simulated by adding external input to the cue and target nodes on opposing sides of the model (e.g. left cue, right target). The cue stimulus was given between cycles 6 -10. The target stimulus was presented between cycles 16-21.The activation level of each node in the model was calculated over 55 cycles. A response was indicated at the cycle where the response node activation equaled 0.16. This cycle was converted to a millisecond response time by: 
Reaction time = (c * 20) + 122,
where c is the cycle at which the activation level of the response node equals 0.16, 20 is an estimate of the number of milliseconds per cycle, and 122 is a constant that accounts for sensory and response processing time that is not accounted for by the neural network model (Dowman & ben-Avraham, 2008).


The model provided an excellent fit of Koster et al.’s (2007) data (see Table 1), where the goodness of fit was 98.4%. A number of other architectures were tested, but none fit the experimental data as well. For example, the architecture in which the threat signal was sent to the response attention nodes (as opposed to the sensory attention nodes) resulted in a 94.1% fit. This contrasts with the endogenous cuing study where the best fit architecture fed the threat to the response attention node. 
In their study, Koster et al. (2007) ran the exogenous cuing task at cue-target intervals of 28 ms, 100 ms, 200 ms, and 500 ms. Koster et al.’s (2007) data suggest that voluntary attentional shifts occurred in the 200 ms and 500 ms trials. As a result, we modeled the 28 ms and 100 ms conditions, because these involved automatic stimulus driven attention processes. Koster et al. (2007) showed a constant validity effect across the 28 ms and 100 ms conditions, while a threat effect was only seen in the 100 ms condition.
Our results were qualitatively consistent with Koster et al.’s (2007) findings. At short cue-target intervals, the model produced a small threat effect. With increasing cue-target interval length, the threat effect increased and peaked at 20 cycles. At cue-target intervals greater than 20 cycles, the threat effect decreased. Our model showed the validity effect peaking before the threat effect. This is slightly different from Koster et al.’s (2007) data, where the validity effect was constant across the 28 ms and 100 ms conditions.
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Figure 2: Simulated threat and validity effects. SOA (Stimulus Onset Asynchrony) refers to the number of cycles between the presentation of the cue and the presentation of the target.
Conclusions
· The model provided an excellent fit of Koster et al.’s (2007) validity and threat effects. 
· The threat effect peaked at a longer cue-target interval than the validity effect. A difference between our results and Koster et al.’s (2007) results was that Koster et al. (2007) observed a constant validity effect.
· A notable difference between the endogenous cuing paradigm and the exogenous cuing paradigm models was that in the endogenous cuing paradigm a threat effect was seen in the invalid condition not the valid condition, whereas a threat effect was seen in the valid condition but not the invalid condition in the exogenous cuing paradigm. This is consistent with experimental results.
· The primary difference in architecture between the exogenous cuing paradigm model and the endogenous cuing paradigm model was how threat was handled. In the exogenous cuing paradigm model, threat was sent to the sensory attention nodes, whereas in the endogenous cuing paradigm model threat was sent to the response attention nodes. 
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