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Abstract 

The auditory cortex is critical for the understanding of speech. This task is accomplished 

through the nonlinear network interactions between many neurons. Cortical neurons are 

grouped into distinct types depending on whether they release excitatory or inhibitory 

neurotransmitters and molecular, biophysical, and morphological properties. Because cortical 

network interactions are nonlinear, perturbing these networks can produce counterintuitive 

results. To understand how auditory cortex accomplishes complex tasks like speech 

comprehension, we need to understand how nonlinearities shape network processing. 

 This dissertation provides examples in rodent auditory cortex of manipulations that produce 

straightforward effects in single cells or small portions of the parameter range, but, in some 

cases, opposite effects in cortical networks. In chapter 1, I chronically reduced the level of 

inhibition in the cortex using Dlx1 knockout mice, which should expand frequency tuning in 

auditory cortex, but observed reduced frequency tuning. Homeostatic changes over time 

nonlinearly changed expansion into reduction. In chapter 2, I acutely activated two populations 

of interneurons that express either somatostatin or parvalbumin, which produce different forms 

of linear suppression in vitro, but observed the same suppression in vivo. The nonlinear 

elements of the recurrent cortical network obscured the type of linear suppression. In chapter 3, 

I added background noise, which suppress tone-evoked firing rates quasi-linearly at low 

intensities, but observed that noise-related suppression increased nonlinearly with noise 

intensity. The nonlinear mechanisms that preserve stimulus information in the presence of noise 

are less robust at high noise intensities. In each chapter, nonlinear effects led to unexpected 

results, highlighting the need to interpret results in the context of nonlinear networks to 

understand cortical processing. 
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Chapter 1 - Introduction 

Cortical networks underlie the complex perceptual, computational, and behavioral 

characteristics that we think defines humanity. Cortical networks are composed of a large 

number cells from relatively few types. The majority of neurons, ~80%, are categorized as a 

handful of types that release excitatory neurotransmitters (rev: DeFelipe and Fariñas, 1992). 

The remaining minority are categorized into a few dozen types that release inhibitory 

neurotransmitters (rev: Markram et al., 2004). The patterns of activity along the connections 

between neurons transmit information in neural networks. Both neurons and the synapses that 

connect them have nonlinear properties (revs: Silver, 2010; Regehr, 2012). The results of the 

many nonlinear interactions are emergent phenomena, such as consciousness and speech, 

which are difficult to predict from the properties of single neurons or connections. While 

nonlinearites produce wonderful aspects of humanity, nonlinearities also mean that it is often 

impossible to extrapolate the results of one perturbation to another. In the following chapters, I 

explore how cortical responses deviate from the linear predictions of previous results due to 

nonlinearities over time, recurrent connections, and stimulus intensity. 

Circuits can change over time, which nonlinearly changes their response to perturbations and 

stimuli. In auditory cortical circuits, the role of inhibition has been show to shape firing 

responses to tones by narrowing frequency tuning and sharpening the time course of responses 

(Wang et al., 2000, 2002; Jen et al., 2002; Wehr and Zador, 2003; Tan et al., 2004; Wu et al., 

2006, 2008; Froemke et al., 2007). Acutely removing inhibition pharmacologically expands 

frequency tuning (Müller and Scheich, 1988; Chen and Jen, 2000; Wang et al., 2000, 2002; Jen 

et al., 2002). If nothing changes over time, chronically reducing inhibition should expand 

frequency tuning as well. However, reducing inhibition can increase activity levels, which could 

lead to homeostatic decreases in excitatory strength (Turrigiano et al., 1998; Desai et al., 1999; 

Leslie et al., 2001; Wierenga et al., 2005; Tatavarty et al., 2013). The functional consequences 
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of these homeostatic changes on sensory processing, including frequency tuning, are unknown. 

In chapter 2, I chronically reduce inhibition and explore the functional consequences of 

nonlinear homeostatic changes in regards to cortical responses to tones. 

In recurrent cortical circuits, cellular perturbations are nonlinear because changing a cell’s 

output subsequently changes its input. Identifying and manipulating specific subtypes of 

neurons in vitro or through pharmacology has shaped our understanding of the functions of 

various cell types. For example, different subtypes of inhibitory interneurons provide stereotyped 

forms of linear suppression on individual post-synaptic partners in vitro (Kawaguchi and Kubota, 

1996, 1997, 1998; Miles et al., 1996; Wang et al., 2004; Silberberg and Markram, 2007; Hao et 

al., 2009; Jadi et al., 2012). Modern genetic techniques provide unprecedented cellular control 

over subtypes of neurons in vivo (Cardin et al., 2010; Taniguchi et al., 2011; Yizhar et al., 2011). 

When using modern techniques to study linear suppression provided by the same interneuron 

subtypes in vivo, recent studies have produced results contradictory to in vitro findings and to 

each other (Atallah et al., 2012, 2014; Lee et al., 2012, 2014; Wilson et al., 2012; El-Boustani 

and Sur, 2014; El-Boustani et al., 2014). Previous theoretical work has demonstrated that 

recurrent, nonlinear cortical networks can produce other counterintuitive effects when 

interneurons are perturbed (Tsodyks et al., 1997). In chapter 3, I explore whether the 

differences between activating interneurons in vivo and in vitro can be explained by nonlinear 

network effects.  

Neurons in the auditory cortex respond nonlinearly to the same stimulus presented at different 

intensities. The simplest example is tone. When presented at -100 dB SPL, the tone is 

subthreshold and produces no response. When presented at the neuron’s response threshold, 

the tone drives activity by definition. As the tone intensity increases, the firing rate may increase 

linearly, saturate, or even be suppressed for non-monotonic neurons. Subthreshold, saturating, 

and non-monotonic responses are all examples of nonlinear responses. While responses to 



 

3 
 

tones are a familiar example, stimulus intensity also nonlinearly affects responses to inter-aural 

level differences (Semple and Kitzes, 1993), stimulus history effects (Scholl et al., 2008), and 

noise masking (Phillips, 1985, 1990; Phillips and Cynader, 1985; Phillips and Hall, 1986; Liang 

et al., 2014). For noise masking in particular, the cortical response to tones presented in noise is 

not a linear sum of the response to the tone and the response to the noise. Instead, noise 

masks the presentation of tones, which shifts neuronal response thresholds. A low intensities, 

noise shifts neural and human psychophysical response thresholds in a 1:1 fashion (i.e. 

increasing the noise by 10 dB increases the threshold by ~10 dB) (French and Steinberg, 1947; 

Phillips, 1985; Phillips and Cynader, 1985; Phillips and Hall, 1986; Studebaker et al., 1999; 

Dubno et al., 2005; Liang et al., 2014). However, at noise intensities above 55 dB SPL, the 

psychophysical suppression by noise is stronger than a 1:1 shift (French and Steinberg, 1947; 

Studebaker et al., 1999; Dubno et al., 2005), but no neural correlates of this effect are known. In 

chapter 4, I address whether the neural effects of noise are stronger at high noise even for the 

same signal to noise ratio.  

Each chapter focuses on different nonlinear response to perturbations in the auditory cortex. To 

do so, each chapter utilizes the same recording technique (extracellular recordings) and basic 

stimuli (pure tones) with a different perturbation. In each chapter, a hypothesis based on 

previous research was evaluated against the actual results of experiments. In each case, the 

hypothesis failed to predict the actual results due to nonlinear network interactions. The results 

were then used to refine the hypotheses about cortical networks and demonstrate the critical 

need for evaluating manipulations in the context of nonlinear networks. 
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Chapter 2 - Chronic reduction in inhibition reduces receptive field size in mouse auditory 

cortex. 

Abstract 

 Inhibitory interneurons regulate the responses of cortical circuits. In auditory cortical 

areas, inhibition from these neurons narrows spectral tuning and shapes response dynamics. 

Acute disruptions of inhibition expand spectral receptive fields. However, the effects of long-term 

perturbations of inhibitory circuitry on auditory cortical responses are unknown. We ablated 

~30% of dendrite-targeting cortical inhibitory interneurons after the critical period by studying 

mice with a conditional deletion of Dlx1. Following the loss of interneurons, baseline firing rates 

rose and tone evoked responses became less sparse in auditory cortex. However, contrary to 

acute blockades of inhibition, the sizes of spectral receptive fields were reduced with higher 

thresholds and narrower bandwidths. Furthermore, long-latency responses at the edge of the 

receptive field were absent. Based on changes in response dynamics, the mechanism for the 

reduction in receptive field size appears to be a compensatory loss of cortico-cortically driven 

responses. Our findings suggest chronic conditions that feature changes in inhibitory circuitry 

are not likely to be well modeled by acute network manipulations. 

 

Introduction 

 Processing of auditory information in the auditory cortex underlies the conscious 

perception of sound and speech comprehension. Inhibitory interneurons, representing ~20% of 

cortical neurons (1), regulate this processing by shaping the spectral tuning (2–13), temporal 

tuning (14–16), and response dynamics of local excitatory neurons (5–11). Inhibitory 

interneurons form multiple subtypes based on morphology, physiology, and biochemistry (1, 17) 

that likely serve distinct roles in cortical processing. 

 Loss of inhibitory interneurons is observed in conditions which affect cortical processing 
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in humans, and in animal models of human disorders, including aging (18, 19), autism (20), 

schizophrenia (21–23), traumatic brain injury (TBI) (24), hearing loss (25–28), and tinnitus (29). 

Often, a particular disease is associated with a specific deficit in a subset of interneurons. For 

example, rodent models of autism demonstrate a loss of parvalbumin positive (PV+) 

interneurons (20), while aging and TBI models show a greater loss of somatostatin (SST)+ 

interneurons than other interneuron populations (19, 24). The disruption of specific interneuron 

populations may underlie the particular cognitive defects associated with each condition. 

Therefore, it is necessary to understand the effects following chronic reduction of particular 

interneuron subtypes. 

 One mouse model of an adult-onset loss of dendrite-targeting interneurons (DTIs) is the 

Dlx1 mutant (30). Dlx1 encodes a homeobox transcription factor from the Dlx family that 

regulates the development, migration, and survival of cortical interneurons (30–32). In Dlx1 

mutants, the other Dlx family members compensate for the deficiency and thereby allow 

interneurons to migrate into cortex (30). At post-natal day 20 (p20) there is no observed loss of 

interneurons in Dlx1 mutants; however by p30, approximately 30% of SST+, neuropeptide Y 

(NPY+), and calretinin positive (CR+) DTIs undergo apoptosis, while soma-targeting, PV+ 

interneurons are unaffected (30). Following the loss of interneurons, the rate and size of 

spontaneous and miniature inhibitory post-synaptic potentials are reduced (30). Despite the 

normally broad expression of Dlx1 in interneurons, there is no change in the intrinsic properties 

of the surviving interneurons after p30 (33). This partial loss of interneurons is similar to human 

adult-onset conditions that feature a selective loss of DTIs, such as aging and TBI, because the 

critical period for spectral tuning in auditory cortex ends before p20 in mice (34). Dlx1 mutants 

are known to develop seizures, behavioral deficits, and abnormal visual cortical responses (35–

37); however changes in auditory processing are unknown. 

 Previous attempts to study the deficits in auditory cortical processing in a constitutive 

Dlx1 knockout (Dlx1-/-) were not successful because Dlx1 also regulates the development of the 
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middle ear ossicles (38, 39). The middle ear bones fuse in the absence of Dlx1 and create a 

conductive hearing loss that raises auditory brainstem response (ABR) thresholds in Dlx1-/- mice 

by ~30dB, precluding a meaningful study of auditory cortical changes (38, 39). To circumvent 

this issue, we developed a conditional deletion of Dlx1 restricted to forebrain GABAergic 

neurons using a floxed conditional allele of Dlx1 and DlxI12b-Cre (I12b-Cre). DlxI12b is an 

enhancer element of Dlx1 (40, 41). By placing Cre-recombinase under the control of this 

enhancer, which is not expressed in the primordia of the middle ear, recombination occurs in 

95% of cortical interneurons (41). We will refer to these Dlx1-/f;I12b-Cre animals as conditional 

knockout animals (cKO) and heterozygous littermates (Dlx1+/f;I12b-Cre) as Controls (CT). 

 

Results 

 Dlx1-/f;I12b-Cre mice lack a subset of dendrite-targeting interneurons. 

 We validated the conditional deletion of Dlx1 by confirming that the loss of dendrite-

targeting interneurons (DTIs) in Dlx1-/f;I12b-Cre (cKO) animals was consistent with the 

constitutive null mutants, Dlx1-/-. As in Dlx1-/- mutants, ~30% of dendrite-targeting, SST+, NPY+, 

and CR+, interneurons were lost by p45 in cKO mice while no change in the number of soma-

targeting, PV+ interneurons was observed (means ± STD labeled cells/mm2: SST: CT: 16.2 ± 

1.0, cKO: 10.4 ± 1.6, p < 0.05; NPY: CT: 49.5 ± 2.5, cKO: 32.2 ± 3.4, p < 0.05; CR: CT: 55.2 ± 

1.5, cKO: 44.8 ± 3.0, p < 0.05; PV: CT: 134.6 ± 5.6, cKO: 139.5 ± 5.6, p > 0.05; n = 3 animals 

each, Fig. 1a,b). We extended the previous analysis to include vasoactive intestinal peptide 

positive (VIP+) interneurons, which also displayed a 30% reduction in cKO mutants (mean ± 

STD labeled cells/mm2: CT: 42.2 ± 1.9, cKO: 29.5 ± 1.1, p < 0.05, n = 3 animals each). Similar 

to Dlx1-/- mice, cKO mutants displayed abnormal EEG activity (see SI, Fig. S1c). The conditional 

knockout successfully avoided the elevated peripheral auditory thresholds of Dlx1-/- mice (38). 

The cKO mice, in contrast to Dlx1-/- mice, had normal ABR thresholds (medians: CT = 30 dB, 

cKO = 25 dB, p = 0.17, n = 4 and 3, Fig. S1a,b). In sum, cKO mutants have the same selective 
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loss of DTIs as the constitutive Dlx1 mutant and develop a neurological condition independent 

of peripheral changes in the middle ear. Therefore, we used Dlx1 cKO mutants to characterize 

changes in auditory cortex function that arise following the loss of DTIs. 

 

Figure 1 Dendrite-targeting interneurons are reduced in cKO mutants. A) Sections of 

auditory cortex from Control and cKO mice labeled for various interneuron markers 

(From left to right, top to bottom: parvalbumin, somatostatin, neuropeptide Y, calretinin, 

vasoactive intestinal peptide). B) Cell count in Control and cKO mice: PV+ (p > 0.05, n = 3 

animals), SOM+, NPY+, CR+, and VIP+ interneurons (p < 0.05, n = 3 animals for each). 
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Dlx1-/f;I12b-Cre cortical units have restricted receptive fields. 

 We determined the effect of the loss of DTIs on auditory processing by recording 

responses to pure tones and constructing frequency response areas (FRAs, firing rate as a 

function of tonal frequency and intensity, Fig. 2a-d). We recorded from single-units in auditory 

cortical core areas, A1 and AAF, across all cortical layers of cKO mutants (n = 58 units, 8 

animals) and Controls (n = 54 units, 8 animals) and quantified the size of the response area 

(area of FRA above ¼ peak value), response threshold (lowest intensity in the response area), 

and spectral bandwidth (number of octaves responding at an intensity above threshold). In cKO 

cortical units, response area sizes were reduced (medians: CT = 177 dB*octaves, cKO = 144.5 

dB*octaves, p < 0.005, Fig. 2e, S2d). This was a combined effect of higher thresholds (medians: 

CT = 20 dB, cKO = 25 dB, p < 0.001, Fig. 2c,f, S2e) and narrower bandwidths (bandwidth at 

20dB above threshold: medians: CT = 1.1 octaves, cKO = 1.0 octave, uncorrected p < 0.05, Fig. 

2d,g, S2f; see SI for details of ANOVA). Contrary to the effects of acute, pharmacological 

blockades of inhibition, which broaden spectral tuning (6–12), the chronic loss of DTIs lead to 

narrower spectral tuning, which is a reduction in receptive field size. 

 To test whether these changes emerge in cortex or are already present subcortically, we 

recorded single-units across multiple divisions in the auditory thalamus (CT: 31 units from 2 

animals; cKO, 65 units from 3 animals). In contrast to cortical FRAs, cKO and Control thalamic 

FRA response areas were not significantly different (medians: CT = 109 dB*octaves, cKO = 142 

dB*octaves, p = 0.06, Fig. 2h, S3; see SI for further characterization). Thus, the changes 

observed in cortex were not present in the thalamus – the preceding subcortical station – and 

likely arise in cortex.  
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Figure 2 Cortical spectral tuning area is reduced in cKO mutants. A-B) the population 

mean FRAs aligned by CF for auditory cortical units. C) Difference, cKO – Control. D) 

Difference with units aligned by threshold. E-G) Size of responsive area of cortical units 

(p < 0.01, p < 0.001, and p < 0.05; n = 54 CT and 58 cKO). H) Size of responsive area of 

thalamic units (p > 0.05; n = 30 CT and 61 cKO). 
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 Dlx1-/f;I12b-Cre cortical units respond with altered dynamics at the edge of the receptive 

field. 

 Cortical FRAs are driven by both cortico-cortical (CC) connections and thalamo-cortical 

(TC) connections. While both TC and CC connections drive the center of the FRA (frequencies 

near CF and at high intensity) with short latencies, the edges of the FRA are primarily driven by 

CC connections with longer latencies (42–45). These CC inputs arrive later than TC inputs 

because they must travel through additional synapses and reflect both ongoing processes and 

horizontal cortical spread of activity (44, 45). Therefore, we measured the response dynamics at 

the center and edge of the FRA to explore how effectively CC connections drive activity in cKO 

mutants. 

 To quantify the response dynamics, we used peri-stimulus time histograms (PSTHs, Fig. 

3a-c) for two different intensity regions near the characteristic frequency (CF ±0.2 octaves, CF: 

the frequency at minimum threshold). To study the combined effect of TC and CC connections, 

the first PSTH was from stimuli in the center of the FRA at high intensities (60-80 dB, Fig. 3e). 

To focus on primarily CC driven activity, the second PSTH was from the edge of the FRA at low 

intensities (threshold ±10 dB, Fig. 3f). As with acute blockades of inhibition (6–12), baseline 

firing rates were higher in cKO units during the 50ms preceding stimulus presentation and 

before driven responses begin (medians: CT: 1.11 Hz and cKO: 2.38 Hz, p < 0.005, Fig. 3d). 

Beyond the change in baseline firing, there were no significant differences between cKO and 

Control PSTHs at high intensities where both TC and CC inputs contribute (significance judged 

as at least 5 consecutive rank-sum p < 0.05, in which case all consecutive, significant points are 

reported; values 0-9ms [before the response onset of most units] pass this criterion, Fig. 3e). In 

contrast, at low intensities where CC connections dominate, cKO responses begin earlier but 

are overtaken by Control responses (cKO > CT, 0-16ms; CT > cKO, 25-34ms; at least 5 

consecutive rank-sum p < 0.05). In cKO mutants, responses driven by TC and CC connections 

appear to be normal in timing and rate, but baseline firing rates are higher and responses driven 
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primarily by CC connections are abnormal in timing, magnitude, or both. We therefore quantified 

the response timing and response magnitude in greater detail. 

 

Figure 3 Long latency responses are absent near threshold in cKO mice. A-B) The 

population mean PSTH near CF at various intensities for auditory cortical units. C) 

Difference, cKO – Control. D) Baseline firing rates (50ms preceding the stimulus; 

medians: CT 1.11 and cKO 2.38, p < 0.005). E-F) Population mean PSTH at high (60-80 dB) 

and low intensities (threshold ±10 dB) near CF (±0.2 octaves, dotted lines are ± SEM). 

Black brackets: area with >= 5 consecutive samples with rank-sum p < 0.05. Grey bar: the 

stimulus. G) Onset latency per unit at high and low intensities (* = p < 0.05, ** = p < 0.01, 

all Bonferonni corrected, n = 54 Control and 58 cKO). 

 Dlx1-/f;I12b-Cre cortical units lack long-latency responses. 

 To investigate the differences in temporal response dynamics for individual units, we 

quantified the response onset latency (time to half the peak height from baseline). The response 

latency of Control units is longer at low intensities near threshold compared to high intensities 

(medians: CT-H = 15.5 ms, CT-L = 22 ms, Bonferroni corrected p < 0.001, Fig. 3g) in agreement 
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with previous results where CC driven responses have longer latencies (44, 45). However, in 

cKO units, the response latency at low intensities occurs significantly earlier than in Control 

units (medians: CT-L: 22 ms, cKO-L: 16 ms, Bonferroni corrected p < 0.05, Fig. 3g). 

Interestingly, Control latencies at high intensities were not significantly different from either high 

or low intensity latencies for cKO units (medians: CT-H = 15.5 ms, cKO-H = 12 ms, Bonferroni 

corrected p > 0.05; medians: CT-H = 15.5 ms, cKO-L = 16 ms, uncorrected p = 0.31, Fig. 3g). In 

other words, the response timing in cKO units at both high and low intensities was similar to 

central regions predominantly driven by TC connections in Controls, and neither was similar to 

the primarily CC driven edge responses of Controls. The response latencies for cKO units at low 

intensities were longer than at high intensities (medians: cKO-H = 12, cKO-L = 16 ms, 

Bonferroni corrected p < 0.05, Fig. 3g) presumably because the response latencies of 

subcortical stations are also stimulus intensity dependent (46). Therefore, receptive fields did 

not simply change shape, but the long-latency responses at low intensities normally driven by 

CC connections appeared to be absent in the cKO population.  

 To extend analysis of changes in response timing to the entire FRA, we calculated two 

short-time FRAs based on 10ms windows centered either on the response onset or response 

termination (termination: time at half the peak value after the peak response, Fig. 4a-c). It has 

previously been shown (45) that the central, TC driven FRA region becomes active first (Fig. 4a) 

and gives way to activity at the CC driven edges of the FRA (Fig. 4b). Therefore, the FRA 

shapes from the response onset and termination should be negatively correlated. This was true 

for Control units (median: -0.05, signed rank p < 0.05, Fig. 4d) suggesting that inputs at the 

edges of the FRA dominate the late portion of the response. In contrast, the onset and 

termination responses of cKO units were positively correlated (median: +0.05, signed-rank p < 

0.05, Fig. 4d) indicating that the same FRA regions tend to be active throughout the response. 

The correlations for the two groups are significantly different (medians: CT = -0.05, cKO = 

+0.05, rank-sum p < 0.01, Fig. 4d). Therefore, cKO units do not appear to develop responses at 
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the edge of the FRA over time as Control units do. Combined with the decrease in response 

area and lack of long-latency responses, this reinforces the idea that only central, TC driven 

responses remain in the FRAs of cKO units. 

 

 

Figure 4 Early and late responses are similar in cKO but not in Control mice. A,B) Onset 

FRA (A) and termination FRA (B) from a Control unit (correlation = -0.37). White lines: 

size of the entire response FRA. C) PSTH of the unit in A and B. Light grey bars: early 

and late response windows, respectively. Dark grey bar: stimulus. D) Correlations of 

early and late responses (medians: CT: -0.05 and cKO: 0.05, p < 0.005, n = 54 and 58). 

E,F,G) An example cKO neuron after panels A,B,C. 

 Dlx1-/f;I12b-Cre cortical responses are less sparse. 

 To explore changes in firing rate we determined the response rate as a function of 

stimulus intensity for tones near CF (±0.2 octaves) also known as the rate-level-function (RLF, 

Fig. 5a). For individual units, the response magnitudes near CF were not significantly different 

between groups (at 80 dB: medians: CT =13 Hz, cKO = 15 Hz, p = 0.40, Fig. 5b, see SI for 

ANOVA). In contrast, the multiunit responses of cKO mice were 50% stronger (at 80 dB: 
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medians: CT = 48 Hz, cKO = 73 Hz, p < 0.001, n = 88 and 96, Fig. 5d, see SI for ANOVA and 

thalamic data). Because the response rates of individual units were not different but more 

multiunit events were observed at each site, it is likely that the number of individual units 

simultaneously active in response to tones increased in cKO mice. Therefore, responses were 

less sparse following the loss of DTIs.  

The decrease in sparseness, abnormal EEG activity, and increase in baseline firing rate 

are the only data in agreement with pharmacological blockades of inhibition (6–12). Previous 

studies demonstrated that acute reductions of inhibition expand the breadth of receptive fields 

and lengthen cortical responses (6–12). We observed the opposite following the chronic 

decrease in inhibition, and identified a selective decrease in responses at the edges of the 

receptive field. As over-activity is still present, it suggests that compensation at the FRA edges 

to weaken and limit the spread of over-activity. 
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Figure 5 Cortical responses of cKO mice are less sparse. A) Mean RLFs for single 

cortical units (dotted lines: ± SEM). B) Response magnitude of single units for 80dB 

stimuli (p = 0.37, n = 54 Control and 58 cKO). C) Mean RLFs for cortical multiunits (dotted 

lines: ± SEM) D) Response magnitude of multiunits for 80dB stimuli (p < 0.001, n = 88 

Control and 96 cKO). 

 

 

Discussion 

 We used Dlx1-/f;I12b-Cre mutants (cKO) to study the effects of a partial loss of dendrite-

targeting interneurons (DTIs) on auditory cortical processing. These animals have normal 

peripheral hearing but an approximately 30% reduction in SOM+, NPY+, CR+, and VIP+ 

interneurons that develops after the end of the critical period in auditory cortex (Fig. 1). As SST 

and VIP are believed to be mutually exclusive interneuron markers in mouse cortex (1, 17) and 
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derive from the medial and caudal ganglionic eminence progenitor populations, respectively 

(47–52), this demonstrates that interneurons from distinct progenitor pools are affected by the 

Dlx1 mutation. 

 Loss of functional cortical-cortical connectivity in Dxl1-/f;I12b-Cre mice. 

 After the loss of DTIs, we found that receptive field sizes were reduced in single-units 

from core areas of auditory cortex in cKO mutants due to higher thresholds and narrower 

bandwidths (Fig. 2). We obtained evidence that this reduction does not occur in the thalamus 

and therefore emerges in cortex (Fig. S3). As descending cortical fibers can modulate 

subcortical function, it is possible that a more detailed investigation of subcortical activity may 

identify differences in Dlx1 mutants; however, the differences we observed in cortex do not 

appear to result directly from changes in thalamic processing. This cortical receptive field 

phenotype is in agreement with observations from the visual system of Dlx1-/- mice where the 

range of stimuli that drive responses is also reduced in most V1 cortical neurons and thalamic 

circuitry remains intact (36). This suggests that the reduction in cortical receptive field size may 

be a general response to the loss of dendrite-targeting inhibition. In auditory cortex of cKO mice, 

the edges of the FRAs, which normally have long-latency responses, were absent (Figs. 2-4). 

Instead, the edges of cKO FRAs have response latencies comparable to short-latency, central 

responses of Control units (Fig. 3). Furthermore, Control responses progress from the center to 

the edge in a patterned fashion; however, in cKO responses the central region is active at both 

the response onset and termination as if the longer-latency edge responses were absent (Fig. 

4). The absent FRA edges are usually driven primarily by cortico-cortical (CC) connectivity (42–

44). Therefore, we propose that the decrease in receptive field size may be a change related to 

a decreased ability of CC connections to drive responses.  

There are several possible mechanisms for this change, including decreased CC 

synaptic strength, different cell intrinsic properties of excitatory neurons, and compensatory 

changes in inhibitory circuitry. Weakened excitatory inputs have been observed in the 



 

22 
 

hippocampus of Dlx1-/- mutants (33). The amplitude of inputs from excitatory neurons onto 

inhibitory interneurons decreases, but the rate of excitatory synaptic activity and intrinsic 

properties of the surviving interneurons were not affected by the loss of Dlx1 (33). This result 

has two implications for the current work. First, the intrinsic electrical properties of the surviving 

interneuron populations appear to be unaffected by the loss of Dlx1. Second, Dlx1 mutants 

compensate for the loss of inhibition by decreasing excitatory drive. If the amplitude of excitatory 

connections onto excitatory neurons in auditory cortex decreases in this manner, the expected 

outcome would be the reduction in CC driven responses that we observed in cKO mutants. 

Another possibility is that the intrinsic properties of excitatory neurons could change to reduce 

the effectiveness of inputs, such as a decrease in the input resistance of dendrites. Alternatively, 

the remaining inhibitory interneurons could increase the strength of their responses and 

overcompensate for the loss of DTIs, thereby suppressing normal CC activity. Computational 

modeling in V1 of Dlx1 mice suggests this alternative (36). Regardless of the mechanism, the 

observed changes in cortical receptive fields will limit the complexity of network processing. 

 The reduction in edge responses may reflect compensation to reduce over-activity 

observed in cKO mice (Figs. 5, S1). While the number of single-unit spikes remained constant in 

auditory cortex in response to tones, the number of multiunit spikes increased by 50%, 

indicating that over-activity to normal stimuli develops following the loss of DTIs and responses 

become less sparse. Combined with the increase in baseline firing rates and seizure-like 

activity, these are the only results in agreement with acute, pharmacological disruptions of 

inhibition. Pharmacological blockades of inhibition have been shown to broaden spectral tuning, 

including lowering thresholds and revealing longer latency responses (6–12). However, the 

opposite results were observed in our study following the chronic disruption of dendrite-targeting 

inhibition and are likely to reflect compensation. Therefore, approaches that examine only the 

acute effects of reducing interneuron function are likely to be incomplete models of chronic 

human neurological conditions but remain valuable for determining the functional role of these 
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circuit elements. If compensation in Dlx1 mutants works to oppose acute changes, one could 

predict that acute inactivation of DTIs will selectively enhance the spectral edges of the 

receptive field driven by CC connections. The opposite, acute activation, would then be 

predicted to selectively suppress the spectral edges of the receptive field. Further studies are 

needed to test these hypotheses. 

 Role of dendrite-targeting interneurons in health and disease. 

 Reduction of inhibition is a component of many neurological conditions, including 

hearing loss, aging, TBI, and neuropsychiatric diseases (19–29). Following hearing loss, cortical 

response thresholds are higher at the affected frequencies and a subsequent loss of inhibition 

follows (25). This weakened inhibition has been linked with the perception of tinnitus (29). 

Tinnitus may develop as excitation and inhibition find a new balance following the reduction of 

inhibition. Dendrite-targeting interneurons are also lost selectively after TBI (24). Both TBI 

patients and Dlx1 mutant mice display an increased susceptibility to seizures (24, 30). The 

cognitive symptoms in TBI patients may also be driven by the loss of DTIs. DTIs are also lost 

during aging, which may lead to progressive deficits in speech comprehension (19). 

Responsiveness to one component of speech, FM sweeps, relies on asymmetric CC 

connectivity and the response dynamics of both excitatory and inhibitory interneurons (14, 18, 

53–55). The aging-induced loss of interneurons followed by a compensatory loss of excitatory 

CC inputs may contribute to deficits in speech comprehension. Compensatory mechanisms may 

account for many symptoms of complex neurological conditions. 

  The described long-term changes may reveal some of the normal function of DTIs. As 

DTIs are recruited by CC activity, they are well suited to mitigate over-activity (56). Also, DTIs 

target dendrites, where excitatory CC connections dominate (57–64) and respond to stimuli with 

similar timing as excitatory cortical neurons (65). Under healthy conditions, activity propagated 

by CC connectivity will elicit a sufficient inhibitory response to shape cortical responses and 

maintain a safe balance of excitation and inhibition. After the loss of DTIs, excitatory CC 
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connections will be uninhibited but may subsequently weaken to normalize the overall level of 

excitation. This would replicate a state of tonic DTI inhibition. Fitting with this hypothesis, 

responses normally driven by CC connections are lost in cKO mutants but signs of over-activity 

remain. When faced with over-activity, the nervous system may sacrifice connectivity and 

computational power for stability. Deficits in neurological conditions with reduced inhibition may 

reflect compensatory changes as well as the direct effects of interneuron losses. It is therefore 

necessary to study long-term compensatory mechanisms following the loss of specific 

interneuron populations to better understand human neurological conditions. 

 

Methods 

 Experiments were performed on Dlx1-/f;I12b-Cre and Dlx+/f;I12b-Cre mice using 

procedures approved by the UCSF Institutional Animal Care and Use Committee and in 

accordance with National Institutes of Health guidelines. For details of the generation of these 

mice and histological verification see Supplementary Methods. 

 Electrophysiology 

EEG observations were made by using a time-locked video EEG monitoring system 

(Pinnacle Technology). For EEG recordings, mice were surgically implanted in the left and right 

frontal and parietal cortices with electrodes. Each mouse was anesthetized with isofluorane to 

an areflexive state. Head mounts were attached with conductive stainless steel screws to act as 

recording electrodes. Dental cement was used to secure the head mount, and animals were 

allowed to recover for 3-5 days before recording sessions were initiated. Differential EEGs were 

collected from 2 month old animals over 8 hour recording sessions. 

 Auditory brainstem responses were assessed under Ketamine and Xylazine anesthesia. 

Silver wires were inserted through the skin on either side of the brain stem and the forehead. 

Event related potential evoked by clicks at various intensities were recorded (TDT Sys3 with 

BioSigRP; Tucker Davis Technologies). 
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 To collect extracellular recordings, male and female animals aged between p33 and p65 

were anesthetized to areflexia with a mixture of ketamine and xylazine. A small craniotomy was 

then performed over auditory cortex. Primary auditory cortical areas were identified by a 

multiunit response latency of approximately 10ms (TDT Sys3 with Brainware; Tucker Davis 

Technologies). A frequency gradient reversal between A1 and AAF was not consistently 

observed in all control and mutant mice; therefore, a sampling was taken from mid-low 

frequencies and short latency (< 15ms) areas. Auditory thalamus was identified as the auditory 

responsive region with latencies around 8ms near the stereotactic coordinates 3.2mm posterior, 

1.9mm lateral, and 3.0mm ventral of Bregma. Extracellular recording traces were collected with 

16 channel probes (NeuroNexus) on a 32 channel recording system (Neuralynx). Threshold 

crossings at 4 standard deviations were collected as multiunit spikes and these were sorted 

offline using KlustaKwik (written by Ken Harris) followed by manual supervision to identify 

single-unit responses. Only single-units and multiunit sites that contained more than 500 events 

and doubled their average firing rate in response to tones were analyzed. 

 Stimuli and Analysis 

 Tones spanning 4 octaves (4-32 kHz, 0.1 octave spacing) and 70 dB (10-80 dB, 5dB 

spacing) lasting 50ms were presented every 750ms. In some experiments, tones were followed 

70ms later by a soft burst of white noise for purposes not discussed here. No significant 

differences in tone responses for the two conditions were observed and the data were pooled. 

However, we limited all analysis to action potentials that occurred less than 70ms after tone 

onset. The FRA was determined as the areas above ¼ peak response after subtracting the 

baseline. Threshold was determined as the lowest intensity bin in the FRA, and CF was the 

middle frequency bin at that intensity. Multiple intensity regions were selected over multiple 

spectral regions for the PSTH because the spectral edges of the tuning curve were sometimes 

at edge of the frequency sampling space we tested and could not always be reconstructed with 

confidence. Response onset was estimated as the time to reach ½ of the peak response of the 
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PSTH at that intensity. Response termination was the time point to fall to ½ of the peak value 

after the peak of the PTSH. When correlating the onset FRA and the termination FRA, 10 ms 

windows centered on both times were used and the original FRA was applied as a mask before 

the correlation was calculated. 

 Data analysis was performed in Matlab (The MathWorks) using custom software. Unless 

otherwise noted, all statistical tests are non-parametric, Wilcoxon rank-sum tests. Therefore, 

data median data values are given in the text rather than means. However, for the purpose of 

display, the data are plotted as mean ± SEM. All units were used in each analysis (cKO: 58 

cortical, 65 thalamic; CT 54: cortical, 31 thalamic). 
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Supplementary Information 

 

 

Figure S1. Auditory brainstem responses are normal and seizure-like activity is observed 

by EEG in cKO mice. A) ABRs from Control and cKO mice. B) ABR thresholds from 

Control and cKO mice (p > 0.05, n = 4 and 3). For comparison purposes, data from 

C57BL/6 mice and previously reported values from a constitutive Dlx1-/- mutant are 

shown (38). C) Abnormal EEG activity observed in cKO mice. Above: three different 

episodes from two animals. Below: simultaneous signals on other channels. 

 

Abnormal EEG activity in cKO mutants 

cKO mutants displayed abnormal EEG activity similar to Dlx1-/- mice. Dlx1-/- mice develop 

epilepsy after p30 (30); however, partial hearing loss can increase susceptibility to audiogenic 

seizures (66–68). EEG recordings showed that cKO mutants displayed abnormal, seizure-like 

EEG activity even though their peripheral hearing is normal. The events we observed were 
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recorded in 8 hour sessions in three 2-month old animals, an age when seizures are only 

starting to develop in Dlx1-/- mice. The events we observed were of short duration (~4 seconds, 

Fig. S1c), but longer than interictal spikes, which were also observed. These events were 

isolated to single channels and are therefore were not artifacts due to movement. 

 

Detail of ANOVA for testing bandwidth 

Bandwidths were tested in 5dB steps up to 30dB above threshold in cortex. Bandwidths were 

narrower over the range tested (2-way ANOVA, probability of a null main effect of the knockout, 

p < 0.001; probability for null interaction with stimulus intensity above threshold, 0.99). 
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Figure S2. Cortical responses are still significantly different across similar frequencies. 

A) The distribution of CFs recorded in control and cKO mutant mice. Vertical dashed line 

at 15 kHz used as the cutoff for similar frequency distributions. B) Threshold as a 

function of CF. Horizontal dashed lines indicate population means. Vertical dashed line 

as in A. C) Bandwidth at 20dB above threshold as a function of CF. Dashed lines as in B. 

D) Response areas from units with CFs less than 15kHz are significantly smaller in cKO 

units (medians: CT: 179 dB*octaves, cKO: 169 dB*octaves; p < 0.05, n = 53 and 43). E) 

Thresholds from units with CFs less than 15 kHz are significantly higher in cKO mutants 

(medians: CT: 20 dB, cKO: 25 dB; p < 0.01, n = 53 and 43). F) Bandwidths 20dB above 

threshold from units with CFs less than 15 kHz are significantly narrower in cKO units 

(medians: CT: 1.1 octaves, cKO: 1.0 octaves; p < 0.05, n = 53 and 43).    
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Figure S3. Thalamic responses show little difference due to the loss of cortical 

interneurons. A) Response areas are not significantly different in thalamus (medians: CT: 

109 dB*octaves, cKO 142 dB*octaves; p = 0.06, n = 31 and 65). Plot is identical to Fig. 2h. 

B) Response thresholds are lower in cKO thalamus (medians: CT: 40 dB, cKO: 35 dB; p = 

0.049, n = 31 and 65). Note: this is opposite the change observed in cortex and therefore 
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cannot directly give rise to the results observed in cortex. Furthermore, this result is 

dependent on an outlier of the CF distribution (see panels E and I). If true, one possible 

explanation for lower thalamic thresholds is that inhibitory feedback from the nucleus of 

the reticular thalamus will decrease due to a decrease in low-threshold, excitatory, 

cortical inputs to that nucleus (69). C) Bandwidths 20 dB above threshold are not 

significantly different in thalamus (medians: CT: 1.3 octaves, cKO: 1.3 octaves; p = 0.91, n 

= 31 and 65). D) The distribution of CFs recorded in the thalamus of control and cKO 

mutant mice. Vertical dashed line at 15 kHz used as a cutoff for similar frequency 

distributions. Only one cKO unit (at 21 kHz) is beyond this cutoff. E) Threshold as a 

function of CF. Dashed lines as in Fig. S2. F) Bandwidth at 20 dB above threshold as a 

function of CF. Dashed lines as in E. G) Response areas from thalamic units with CFs 

less than 15 kHz are not significantly different (medians: CT: 109 dB*octaves, cKO 142 

dB*octaves; p = 0.07, n = 31 and 64). H) Thresholds from units with CFs less than 15 kHz 

are not significantly different (medians: CT: 40 dB, cKO: 35 dB; p = 0.051, n = 31 and 64). 

I) Bandwidths 20 dB above threshold are not different (medians: CT: 1.3 octaves, cKO: 

1.3 octaves; p = 0.83, n = 31 and 64). 

 

 

 

Details of ANOVA for RLFs 

To complement the comparison of responses at a single, high intensity, we also 

compared responses at intensities relative to threshold for each unit. As predicted by the 

increased threshold in cKO units, Control and cKO RLFs are significantly different (2-way 

ANOVA, probability of null main effect of the knockout, p < 0.001; probability for null interaction 

with stimulus intensity above threshold, p = 0.41). There are no significantly different intensity 

levels with Tukey-Kramer corrected t-tests. Because thresholds vary from unit to unit, it is only 
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meaningful to compare the entire RLF directly by aligning the RLFs at the threshold for each 

unit. In agreement with the effect observed at 80dB, there is no difference between Control and 

cKO single unit responses at any intensity once aligned by threshold (2-way ANOVA, probability 

of null main effect of the knockout, p = 0.30; probability for null interaction with stimulus intensity 

above threshold, p = 0.99, Fig. S4a). In contrast, cKO multiunit responses are still different from 

Control responses after aligning by threshold (2-way ANOVA, probability of null main effect of 

knockout, p < 0.001; probability of an interaction with stimulus intensity above threshold, p = 

0.15, Fig. S4b). 

 We also examined RLFs from thalamic units. As predicted by the small decrease in 

threshold of cKO thalamic units, Control and cKO RLFs are different (2-way ANOVA, probability 

of null main effect of the knockout, p < 0.01; probability for null interaction with stimulus intensity 

above threshold, p = 0.98, Fig. S4c). The main effect of the knockout is not changed by 

removing the CF = 21 kHz outlier as in Fig. S3 (p < 0.01). This could result from a lack of 

descending cortical input via the nucleus of the reticular thalamus. However, this again appears 

to be merely a change in threshold. Neither Control nor cKO thalamic single units were different 

once aligned by threshold (2-way ANOVA, probability of null main effect of the knockout, p = 

0.28; probability for null interaction with stimulus intensity above threshold, p = 0.90, Fig. S4d). 
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Figure S4. Cortical responses of cKO mice are less sparse even when aligned by 

threshold. A) Mean RLFs for single cortical units aligned by threshold for each unit 

(dotted lines: ± SEM). B) Mean RLFs for cortical multiunits aligned by threshold for each 

unit (dotted lines: ± SEM). C) Mean RLFs for single thalamic units (dotted lines: ± SEM). 

D) Mean RLFs for single thalamic units aligned by threshold for each unit (dotted lines ± 

SEM). 
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Figure S5. Gene targeting to generate floxed Dlx1. A) Schematic representation, from top 

to bottom, of the targeting vector, the wild-type Dlx1 allele (Dlx1+), the conditional Dlx1 

allele before (Dlx1f:neo) and after (Dlx1f) removal of the neo selection cassette by Flp 

recombinase. A, AseI; B, BamHI; X, XhoI; Neo, neomycin resistance cassette; TK, herpes 

simplex virus thymidine kinase gene. Black triangle, loxP site; open arrow head, FRT 

site. Dlx1 exons (1-3) are shown as boxes. Small arrowheads represent PCR primers. The 

loxP sites were placed to flank exons 2 and 3 which together encode for the homeobox 

domain. B) Left: Southern blot of genomic DNA extracted from transfected ES cells, 

digested with AseI, and visualized with the 5’probe depicted in A. Right: long range PCR 
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of the 3’ arms between the loxP site in Dlx1 to outside the targeting vector. +/+, wild-type 

DNA; f/+, recombinant clone; con, negative control. C) PCR of tail genomic DNA for the 3’ 

loxP site shows wild-type, heterozygous and homozygous floxed Dlx1 mice.   

 

 

Supplemental Methods 

 Generation of Mice 

 The generation and characterization of I12b-Cre transgenic mice and Dlx1 constituent 

mutant alleles was described previously (30, 41). To generate the conditional (floxed) allele of 

Dlx1 (Dlx1f), A targeting vector was generated that inserted a loxP sequence and FRT-flanked 

neomycin resistance gene cassette into the BamHI site in the first intron of Dlx1 and a loxP 

sequence into the first XhoI site in the 3’ untranslated region. A TK cassette outside of the 

homologous arms was used for negative selection. The targeting vector was linearized with 

PvuI and transfected into JM1 ES cells. Clones were selected with G418 and ganciclovir. 

Clones were screened for homologous recombination by Southern blot and PCR. 2 clones were 

identified with correct recombination events and expanded for blastocyst injection (~1% 

recombination efficiency). Chimeric mice were crossed with C57BL/6 wildtype mice, and 

germline transmission of the floxed Dlx1 allele was confirmed by PCR on genomic DNA 

extracted from mouse tails. Floxed Dlx1 mice were bred with FLP-deleter mice purchased from 

Jackson Labs to remove the neomycin cassette, and removal of the neomycin gene was 

confirmed by PCR. The floxed Dlx1 allele (Dlx1f) without the neomycin cassette was used for 

subsequent experiments. Floxed Dlx1 mice are genotyped by PCR: Dlx1_loxP_forward, CTC 

TCT TCT GGT GCC CTG TCA TTT CT; Dlx1_loxP_reverse, TCA CCG AAT CTC CCT GTG 

CTT TGA. The wildtype allele is ~338bp and floxed allele is ~400bp. Dlx1f/-;I12b-Cre mutant and 

Dlx1f/+;I12b-Cre controls were generated by crossing mice with floxed Dlx1 alleles to mice 
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carrying the I12b-Cre transgene in a Dlx1 heterozygous background. Mouse colonies were 

maintained at the University of California, San Francisco, in accordance with National Institutes 

of Health and UCSF guidelines. 

 Histology 

 Adult Dlx1f/-;I12b-Cre and Dlx1f/+;I12b-Cre littermate mice were deeply anesthetized with 

Avertin (Sigma; 0.2 ml/10 g body weight) and perfused intracardially with 4% paraformaldehyde 

(PFA) in phosphate-buffered saline solution (PBS 0.1 M, pH 7.4). The brains were removed and 

post-fixed overnight in the same fixative, except brains prepared for VIP immunohistochemistry 

that where fixed for 30 min. Brain sections were prepared at a thickness of 50 μm on a 

vibratome and used for free-floating immunohistochemistry. The slices were washed in 

phosphate-buffered saline solution, incubated in blocking solution (0.5% Triton X-100, 10% 

normal goat serum, 2% non-fat milk, 0.2% gelatin in PBS) for 1 hour, and incubated overnight at 

4°C in the primary antibody diluted in 0.5% Triton X-100, 3% normal goat serum, 0.2% gelatin in 

PBS. The antibodies used were as follows: calretinin polyclonal antibodies (1:500, Millipore), 

NPY polyclonal antibodies (1:250, ImmunoStar), parvalbumin monoclonal antibodies (1:500, 

Millipore), somatostatin monoclonal antibodies (1:250, Millipore), and VIP polyclonal antibodies 

(1:200, ImmunoStar). Immunoreactivity was detected with appropriate Alexa-488 or Alexa-594 

(1:300; Molecular Probes) conjugated secondary antibodies. Quantification of calretinin+, NPY+, 

parvalbumin+, somatostatin+, and VIP+ cells in the primary auditory cortex was determined in 

coronal sections from 3 mice of each genotype. Cell counts were performed on digitized images 

obtained with a CoolSNAP EZ Turbo 1394 digital camera (Photometric, Tucson, AZ) on a Nikon 

ECLIPSE 80i microscope (Nikon Instruments Inc., Melville, NY) using a 4X objective. The 

numbers of positive cells were assessed in a 1 mm2 area of primary auditory cortex. 
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Chapter 3 – Linear suppression types of parvalbumin or somatostatin positive 

interneurons are obscured by network properties of primary auditory cortex. 

 

Introduction 

Synaptic inhibition shapes the response properties of nearly every neuron in the brain, either 

directly (through synaptic inhibition onto the examined neuron) or indirectly (by inhibiting the 

excitatory cells that synapse onto it). Within the cerebral cortex, the numerous subtypes of 

inhibitory interneurons show a remarkable diversity in their anatomical, electrical, and molecular 

properties (rev: Markram et al., 2004). Each subtype expresses its own unique combination of 

ion channels and receptors, targets specific cell types and cellular compartments, and has its 

own laminar organization.  This implies that the different sources of intracortical inhibition may 

provide multiple, selective mechanisms for modulating different aspects of cortical information 

processing (Vu and Krasne, 1992; Miles et al., 1996; Hao et al., 2009; Jadi et al., 2012). Much 

effort has been expended in efforts to relate interneuron types and their specializations to their 

specific computational roles.   

One conceptually straightforward and commonly applied framework for describing the effects of 

synaptic inhibition is as a linear combination of divisive (scaling-down the entire tuning curve), 

and subtractive (removing some flat number of spikes from all frequencies in the tuning curve) 

components.  In this view, the essential question is whether the suppression that an interneuron 

type provides is predominantly divisive or predominantly subtractive.  This framework has been 

applied to visual cortex by several labs with seemingly conflicting results (Atallah et al., 2012, 

2014; Lee et al., 2012, 2014; Wilson et al., 2012; El-Boustani and Sur, 2014; El-Boustani et al., 

2014), producing an ongoing debate regarding whether separate functions of division and 

subtraction can be assigned to different populations of interneuron and whether those 
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assignments are fixed.  Critically, although the majority of the work relating specific 

computational functions to specific interneuron types has been carried out in single neurons (Vu 

and Krasne, 1992; Miles et al., 1996; Hao et al., 2009; Jadi et al., 2012), it is not clear that an 

interneuron’s effect in a recurrent network correlates with its effect on an individual target cell 

(Tsodyks et al., 1997).   

To address this issue, we studied the effects of activation of two types of interneuron in in 

mouse primary auditory cortex on basic auditory response properties.  We evaluated the 

resulting changes in response properties within a linear suppression framework.  We then 

designed a simple model to evaluate our results in the context of a larger cortical network. 

Results 

The majority of interneurons in AC belong to families expressing either parvalbumin (PV) or 

somatostatin (SST).   PV is expressed in subtypes whose axons form “baskets”, enfolding the 

soma in a dense net of inhibitory synapses, or “chandeliers”, enfolding the axon initial segment 

(Kawaguchi and Kubota, 1993, 1997, 1998; Tamás et al., 1997).  In contrast, somatostatin 

(SST) is expressed in several interneuron subtypes which avoid excitatory neurons’ somata and 

instead form contacts on their (mainly distal) dendrites; many have the classical “Martinotti” 

morphology, characterized by a very dense projection to layer 1 (Kawaguchi and Kubota, 1997, 

1998; Wang et al., 2004; Silberberg and Markram, 2007).  Intuitively, because PV+ synapses 

are formed close to the soma/initial segment, the changes in input resistance associated with 

PV+ inhibition might be expected to have a divisive effect on a single neuron’s integration of its 

other inputs, while the changes in input resistance associated with SST+ neuron activation will 

be masked by their electrotonic distance from the soma, and thus SST+ activation would be 

predicted to have a predominantly subtractive effect (Vu and Krasne, 1992; Jadi et al., 2012).  
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This prediction has been supported by single-neuron studies of the integration of fixed 

currents/conductances (Miles et al., 1996; Hao et al., 2009).    

In order to examine the effect of PV/SST activation in a recurrently connected network, we 

produced mice in which SST or PV interneurons could be optogenetically manipulated by 

crossing strains that express Cre-recombinase under control of the SST or PV promoters (SST-

Cre and PV-Cre, respectively) with a strain in which expression of ChR2-eYFP is Cre-

dependent (Ai32).  In Ai32/SST mice, GFP and PV did not co-localize (Figure 1a), while in 

Ai32/PV mice, GFP and PV did co-localize (Figure 1h), consistent with established expression 

patterns. 

We then used 16-channel silicon probes to record the responses of isolated single units to pure-

tone acoustic stimulation and/or blue-light illumination of the cortical surface.   In the Ai32/SST 

mice, blue-light illumination of the cortical surface suppressed spontaneous activity in most units 

(Fig. 1b,c) but caused a small subset of units to dramatically increase their firing rates (p<0.05 

in 7 of 250 units from 23 animals).  Similarly, in the Ai32/PV mice, blue-light illumination of the 

cortical surface suppressed spontaneous activity in most units (Fig. 1i,j), but caused a small 

subset of units to dramatically increase their firing rates (p<0.05 in 6 of 154 units from 11 

animals).   

We set light levels (at approximately 40 uW) to produce visually apparent suppression of tone 

evoked multiunit activity.  Among the tone-responsive units recorded (SST: n=145 of 250, PV: 

n=91 of 154), the majority showed reduced responses to tones during optical stimulation (SST: 

76 of 145 decreased, 3 increased, 66 no significant change; PV: 63 of 91 decreased, 9 

increased, 19 no significant change).  We then computed temporal response profiles with and 

without activation of interneurons (Fig 1 de/kl). From the firing rate over time for all tested tones 

(the cumulative peri-stimulus time histogram (cPSTH)), we identified the time period with 
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significant response over baseline activity (Figure 1f/m, significant response period in red). We 

constructed iso-intensity frequency tuning profiles (FTPs) by measuring the firing rate during 

that time period as a function of frequency (Fig. 1 g/n).  
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Figure 1 – Methods for activating SST+ and PV+ interneurons in A1. a) Left: Illustration of 

prominent connections from SST+ interneurons (blue) onto the dendrites of a pyramidal neuron 

(grey). Right: Immunofluorescent labelling of PV (red) did not co-localize with ChR2 (green) 

when Cre-dependent ChR2 was expressed in SST-Cre mice.  b) Example responses to light 

from two single units from ChR2/SST-Cre mice. The blue bar in the top row indicates the 

presentation of light. The response of each unit is represented in two ways: a firing rate raster 

above and a peri-light time histogram below. In the raster, the spike times across 20 trials are 

indicated by a black mark. In the histogram, the firing rate is averaged across trials in 50 ms 

time bins. To the right, the waveform of the unit is indicated. The length of the inset x–axis is 2 

ms. The top single unit (in light blue) increases its firing rate in response to the light and is 

therefore a putative SST+ interneuron. The bottom unit (in black) decreases its firing rate in 

response to the light and is a suppressed pyramidal neuron or SST negative interneuron. c) The 

distribution of firing rate changes evoked by the light across units. Firing rate changes were 

calculated as the fraction change in firing rate due to the light in response to all tone stimuli (see 

panels d-g). The blue filled bars indicate the units that significantly decreased firing rates in 

response to the light; the black outlined bars indicate the units that did not significantly change 

firing rates; and the blue outlined bars indicate the units that significantly increased firing rates. 

d) Firing rate raster for a single unit in response to tones without light. Each row represents a 

trial, and the rows are organized by frequency. The black waveform above the raster indicates 

the when the tones were presented. The red area indicates when the firing rate was significantly 

above baseline firing rate levels (see panel f). e) Firing rate raster for the same unit as D to 

tones with light. The markings are as before, but the blue bar above the raster indicates when 

the light was presented. The red area is exactly as in D. Relative to D, the firing rate decreases 

immediately upon turning on the light and fewer spikes occur in response to tones. f)The peri-

stimulus time histograms across all tones presented in D and E. The black line indicates the 

mean firing rate for tones without light in 3 ms bins; the grey shaded region represents +- SEM. 



 

50 
 

The black dashed line represents the mean baseline firing rate in the 100 ms preceding the 

tone. The blue lines and shaded regions represent the corresponding data when interneurons 

were activated by light. The red area corresponds to the range of time during which the firing 

rate was elevated above the baseline firing rate without light. This time range is indicated in 

panels D and E. g)The iso-intensity frequency tuning curves for the unit in D, E, and F. The 

black line indicates the mean firing rate during the red response window in F across frequencies 

in 0.2 octave bins; the grey shaded region represents +- SEM. The black dashed line represents 

the mean baseline firing rate. The blue lines and shaded regions represent the corresponding 

data when SST+ interneurons are activated by light. h) Left: Illustration of prominent 

connections from PV+ interneurons (green) onto the soma and axons of a pyramidal neuron 

(grey). Right: Immunofluorescent labelling of PV (red) co-localized with ChR2 (green) when Cre-

dependent ChR2 was expressed in PV-Cre mice. (i-n) corresponding examples and 

distributions to B-G when activating PV+ interneurons rather than SST+ interneurons. 

 

SST+ and PV+ activation both produce a mixture of divisive and subtractive suppression. 

In a linear response framework, neurons’ responses are described in terms of canonical “tuning 

curves” relating their synaptic or sensory inputs to their spiking outputs (Fig 2a).  The effects of 

other factors such as synaptic inhibition are then described in terms of their effects on the scale 

or offset of these curves.  A factor may be described as subtractive (orange) if it provides a 

constant bias to all responses – in other words, if it results in equal changes in all parts of the 

tuning curve, subject to thresholding.  Conversely, a factor may be described as divisive (purple) 

if it changes the overall gain of neural responses – in other words, if it has proportionately 

greater effects on the processing of stimuli that normally evoke stronger responses.  Plotting a 

straight-line fit of the control versus the suppressed responses to each stimulus (Fig. 2b) allows 

us to evaluate whether suppression in a given neuron is well described by this linear framework, 
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and if so, the extent to which its suppression is divisive, subtractive, or both.  In a subtractively 

suppressed neuron, this best-fit line will have a y-intercept significantly different from 0, while in 

a divisively suppressed neuron, the best-fit line will have a slope significantly different from 1.   

We applied this analysis to all auditory-responsive units for which light significantly suppressed 

the firing rate in response to all tones.  We observed that these linear components accounted 

for a high proportion of the total variance of suppression in both Ai32/PV and Ai32/SST mouse 

strains (Fig. 2c), implying that suppression evoked by both SST and PV neurons can be 

described in a linear framework.  However, in both strains, we observed a mixture of divisive, 

subtractive, and mixed suppression.  Roughly half of units showed only divisive but not 

subtractive suppression (slope <1, intercept not significantly different from 0 in SST: 35/76 units; 

PV: 27/63 units; fig. 2d,g).  Of the remainder, some showed only subtractive but not divisive 

suppression (slope not significantly different from 1, intercept significantly less than 0 in SST: 

12/76 units; PV: 11/63 units; fig. 2e,h); some showed both divisive and subtractive suppression 

(slope significantly less than 1, intercept significantly less than 0 in SST: 13/76 units; PV: 16/63 

units; fig. 2f); and in some units, neither subtractive nor divisive components were significant 

(SST: 16/76 units; PV: 9/63 units; fig. 2i).  The distribution of suppression types observed 

(divisive, subtractive, both, or neither) when activating SST+ interneurons was not significantly 

different from that observed when activating PV+ interneurons (g-test p=0.54). Furthermore 

when activating SST+ or PV+ interneurons, the distributions of coefficients  were not different 

for slope (fig. 2j, i.e. divisive suppression, ranksum p = 0.19) and y-intercept (fig. 2k, i.e. 

subtractive suppression, ranksum p = 0.61). 
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Figure 2 – Activating SST+ or PV+ interneurons produces indistinguishable linear suppression 

types. a) Theoretical examples of divisive and subtractive suppression on iso-intensity 

frequency tuning curves. The black line indicates the control curve without suppression. The 

purple line represents divisive suppression of the control curve. The orange line represents 

subtractive suppression of the control curve. The dots along the curve indicate the points that 

are significantly above baseline firing rate, which is zero for this theoretical example. Note that 

the curve for subtractive suppression has no dots where the firing rate is zero. b) The 
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suppressed firing rate as a function of the control firing rate. The dashed line corresponds to no 

change in firing rate. The solid lines represent linear regressions through the points of the 

curves in a. The purple line corresponding to divisive suppression has a slope < 1 but a y-

intercept of 0. The orange line corresponding to subtractive suppression has a slope of 1, but a 

y-intercept < 0. Note that only the points significantly above baseline are included so that the 

subtractive effect is not obscured by the spiking non-linearity (firing rates cannot be negative). c) 

The cumulative distribution function of r2 values for the suppressed firing rate as a function of 

the control firing rate for suppressed units when activating SST+ and PV+ interneurons. The 

dashed line indicates the median r2. d-i) Example units when activating SST+ (blue) or PV+ 

(green) interneurons. The iso-intensity tuning curve for the control and suppressed cases are in 

the left of each panel. Dots along the curve indicate frequencies for which the tone-evoked firing 

rate exceeded the baseline firing rate in the control condition. These points were used for the 

regression analysis in the inset to the right. The inset to the right shows the firing rate in the 

suppressed condition as a function of the control firing rate, with the major axis regression line 

and confidence intervals drawn. The various panels correspond to different classes of 

suppression and different classes of interneurons. d & g) Examples of divisive suppression 

(slope coefficient < 1, y-int >=0), when activating SST+ (d) and PV+ (g) interneurons. e & h) 

Examples of subtractive suppression (slope coefficients >=1, y-int < 0) when activating SST+ (e) 

and PV+ (h) interneurons. g) An example unit demonstrating both divisive and subtractive 

suppression (slope coefficient < 1, y-int < 0) when activating SST+ interneurons. i) An example 

unit demonstrating suppression that is neither divisive nor subtractive (slope coefficient >=1, y-

int >= 0) when activating PV+ interneurons. j) Distributions of significant suppression types 

when activating SST+ or PV+ interneurons are not different. Error bars correspond to 95% 

confidence intervals for Bernoulli distributions. k) Distributions of slope coefficients when 

activating SST+ or PV+ interneurons are not different. Filled bars indicate slope coefficients 

significantly < 1. Bars for SST and PV are interleaved to aid comparison. Blue bars were shifted 
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left 0.025 units and green bars shifted right 0.025 units to accommodate. l) Distributions of y-

intercept coefficients when activating SST+ or PV+ interneurons are not different. Filled bars 

indicate y-intercepts significantly < 0. Bars were interleaved to aid comparison as in k. 

SST+ and PV+ activation both reduce response bandwidths. 

Consistent with this, the effects of SST+ and PV+ activation on response bandwidth were on 

average similar.  Activation of either PV+ or SST+ neurons typically reduced other units’ 

response bandwidths (3a/b, e/f), but some units showed increased or unchanged bandwidth 

despite an overall reduction in firing rate (fig. 3 c/g).  Across the populations, activating either 

SST+ or PV+ interneurons significantly narrowed bandwidths (median+-MAD: SST: control: 

2.8+-0.7 octaves, activation: 2.3+-0.7 octaves, signrank p < 0.001; PV: control: 2.8+-0.6 

octaves, activation 2.0+-0.7 octaves, signrank p < 0.001; Fig.3 d,h), and the distribution of 

bandwidth changes when activating SST+ interneurons was not different from that observed 

when activating PV+ interneurons (ranksum p = 0.63, Fig. 3i). 

 

Figure 3 – Activating either SST+ or PV+ narrows bandwidths. Iso-intensity frequency tuning 

curves for units recorded when activating SST+ interneurons (blue, a,b,c) or PV+ interneurons 

(green, e,f,g). In each panel, the pattern is the same. Black, the firing rate without activating 
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interneurons. Blue/Green, the firing rate when activating interneurons. Red, the half-height 

bandwidth lines associated with each condition.  Inset, the average waveform of the unit. d & h) 

The half-height bandwidths with and without activation of interneurons. The dark circles 

represent units in which activating interneuron significantly reduced the bandwidth. i) Box-and-

whiskers summary of the change in bandwidth across the population when activating 

interneurons shows that activating SST+ or PV+ interneurons narrows half-height bandwidths. 

Simultaneously recorded neurons can show divergent types of suppression. 

These results demonstrate that activation either type of inhibitory network could produce either 

subtractive, divisive, or mixed inhibition of sensory responses in their targets.  Furthermore, we 

observed that activation of SST or PV could produce diverse effects on neurons even within a 

single recording.  For each pair of simultaneously recorded neurons (Fig. 4), we compared the 

the effect of interneuron activation on the change in slope of the input-output relationship (Fig. 

4a, i.e. the strength of divisive suppression), the change in y-intercept (Fig. 4b, i.e. the strength 

of subtractive suppression), and the change in bandwidth (Fig. 4c).  For none of these 

parameters did we observe a large correlation (p-values not corrected for multiple comparisons. 

Fig. 4a, slope coefficients: sst only: n = 77 r2 = 0, p = 0.67; pv only: n = 56, r2 = 0, p = 0.94; 

both: n = 133, r2 = 0, p = 0.83; Fig. 4b, y-intercept coefficients: sst only: n = 77, r2 = 0.06, p = 

0.04;  pv only: n = 56, r2 = 0, p = 0.67; both: n = 133, r2 = 0.04, p = 0.018; Fig. 4c, bandwidth: 

sst only: n = 78, r2 = 0.13, p = 0.001; pv only: n = 53, r2 = 0, p = 0.88; both: n = 131, r2 = 0.04; p 

= 0.027). 
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Figure 4 – Activating SST+ or PV+ interneurons results in variable suppression in 

simultaneously recorded neurons. a) The slope coefficients (figure 2) of simultaneously 

recorded units are uncorrelated. b) The y-intercept coefficients (figure 2) of simultaneously 

recorded units are nearly uncorrelated. c) The differences in bandwidths (figure 3) of 

simultaneously recorded units are nearly uncorrelated. The r2 value in each panel includes 

SST+ and PV+ interneurons. The dashed lines indicate the zero value of the axes. 

Divisive and subtractive suppression of input neurons can produce similar effects in a 

non-linear network.  

This produces an apparent contradiction: how can PV+ and SST+ neuron activation have 

similar effects on processing at the level of neural populations, when previous work has clearly 

demonstrated that these two neuron types have very different effects on processing in individual 

cells?  Cortical networks are densely recurrently connected.  This implies that activating 

inhibitory networks will have both first- and second- order effects on processing in a given 

neuron: first, inhibition will directly change the way that the neuron transforms input into outputs, 

but in addition, it will indirectly alter processing by changing the activity of the majority of the 

inputs the neuron receives. We modelled the consequences of these indirect effects on 

downstream neurons.  Consider a simple model in which a target neuron is driven by a 

population of input neurons, each tuned to different frequencies, organized along the tonotopic 
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axis (fig. 5a).  These inputs are connected to the downstream neuron by a connectivity function, 

in which neurons with more similar tuning will be more strongly interconnected (fig. 5a).   The 

net drive to the downstream neuron is then equal to the convolution of the inputs’ tuning curves 

with the connectivity function (fig. 5b).  The resulting drive is then transformed into spiking 

output through a threshold non-linearity.  How will divisive versus subtractive suppression of the 

input neurons propagate through the network to affect the target neuron? 

If the input neurons are divisively suppressed (Fig 5c, top) while leaving the network 

connectivity unchanged (Fig. 5c, bottom), then, because the net input is a linear function of the 

contributions of the input neurons, divisive suppression of the inputs will divisively suppress the 

net input. The neuron’s sum of inputs (Fig 5d, left) will be most strongly suppressed near the 

center of the tuning curve (Fig. 5d, center) and for frequencies evoking the strongest response 

(Fig. 5d, right).  Perhaps counterintuitively, in a non-linear network, subtractive suppression of 

the input neurons (Fig 5g) also produces stronger suppression near the center of the cell’s 

tuning curve.   Because the input neurons each have a spiking non-linearity below which their 

signal cannot be further reduced, once spontaneous firing rates are suppressed, subtractive 

suppression has a greater effect at the center of each input neuron’s tuning profile (figure 5h, 

left); because of the connectivity function, this non-linear effect is passed on to the sum of inputs 

most strongly at the downstream neuron’s preferred frequency (figure 5f, center). The result is 

that the target neuron is most strongly suppressed at its best frequencies, just as when the 

inputs are divisively suppressed (figure 5h, far right).  This implies that both divisive and 

subtractive mechanisms operating at the level of single cells can produce divisive-like 

suppression of inputs in the network overall.  Conversely, because neurons in the network 

possess spiking nonlinearities, these divisive-like changes in overall input gain subtractive-like 

qualities as they pass through the threshold nonlinearity (Fig. 5e,i).  Intuitively, this occurs 

because suppressing a cell’s inputs without changing the cell’s own firing threshold (marked in 
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red) causes many less-preferred inputs to fall below threshold (“iceberging”).  Thus, even 

inhibitory mechanisms with clear subtractive or divisive effects on integration in individual 

neurons can produce mixed subtractive/divisive effects on integration in a convergent, recurrent 

network, consistent with our observation that either PV+ or SST+ activation can suppress 

responses subtractively, divisively, or both.  Indeed, varying the strength of suppression in the 

input subnetwork and the model neuron’s threshold can produce the divisive, subtractive, or 

both suppression types for either type of input suppression (Fig. 5f,j, see Supplemental Figure 1 

for additional details), consistent with our observation that activation of a single type of 

interneuron could have divergent effects on neurons recorded at the same time.   
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Figure 5 – Linear suppression types are obscured in a non-linear cortical network. a) Gaussian 

tuned neurons tuned to different frequencies (top) are connected to a downstream neuron (large 

purple neuron in the center) by a Gaussian connectivity function that weakens with distance 

(shading below). b) The contributions of individual neurons to the downstream neuron are 

represented by the colored inputs and the sum of inputs is represented by the black line. c) The 

same panel as a, but demonstrating divisively suppressed tuning curves (dashed lines indicate 
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original, unsuppressed tuning curve). d) Left: the contributions of individual neurons in color, the 

sum of inputs in black, and the original sum of inputs is dashed. Center: the decrease in inputs 

organized by frequency/color. For divisive suppression, each curve is a scaled version of the 

original. Right: comparison of the input levels under the control and suppressed conditions. No 

suppression is indicated by the dashed line. For divisive suppression, the slope decreases. e) 

The effect of thresholding the sum of inputs (left) on the spiking output of the model neuron 

(right). Even though only divisive suppression occurred, the interaction with a thresholding non-

linearity can create the appearance of subtractive suppression. f) By manipulating the 

parameters for the magnitude of suppression and threshold, the suppression that is 

implemented as purely subtractive can appear divisive or subtractive in the spiking output 

(similar to (e) right). g) The same panel as a, but demonstrating subtractively suppressed tuning 

curves (dashed lines indicate original, unsuppressed tuning curve). h) Left: the contributions of 

individual neurons in color, the sum of inputs in black, and the original sum of inputs is dashed. 

Center: the decrease in inputs organized by frequency/color. For subtractive suppression, each 

curve is flat across its center but sloped at the extremes. Right: comparison of the input levels 

under the control and suppressed conditions. No suppression is indicated by the dashed line. 

For subtractive suppression, the line curves but has a large slope component due to the non-

uniform decreases in the inputs shown at center. i) The effect of thresholding the sum of inputs 

(left) on the spiking output of the model neuron (right). The effect clearly has a large subtractive 

component. j) By manipulating the parameters for the magnitude of suppression and threshold, 

the suppression that is implemented as purely subtractive can appear divisive or subtractive in 

the spiking output (similar to (i) right). 
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Discussion 

We activated SST+ or PV+ interneurons in the mouse primary auditory cortex and found that 

activating either population of interneurons produced a mixture of divisive and subtractive 

effects (Figure 2). Furthermore, the mixtures of divisive and subtractive effects when activating 

either population of interneurons were indistinguishable.  The variability in suppression types 

was not due to variations across experiments because the suppression in simultaneously 

recorded neurons was not strongly correlated (Figure 4). 

Two hypotheses could explain the similarity of effects when activating interneuron populations: 

Either the inhibition from the distinct interneuron populations is equivalent at a cellular level, or 

the distinct effects of activating these interneuron populations were obscured by interactions in 

the cortical network. 

The first hypothesis, that inhibition from the distinct interneuron populations is equivalent, can 

be discarded based on in vitro and in silico evidence. Axons from PV+ interneurons form 

synapses onto the soma and proximal dendrites of pyramidal neurons (Kawaguchi and Kubota, 

1993, 1997, 1998; Tamás et al., 1997). In contrast, axons from SST+ interneurons form 

synapses onto dendrites and frequently onto distal dendrites (Kawaguchi and Kubota, 1997, 

1998; Wang et al., 2004; Silberberg and Markram, 2007). Because action potentials are 

generated near the soma, activating inhibitory conductances near the soma decreases the 

resistance where action potentials are generated and larger input currents are necessary to 

reach threshold (Vu and Krasne, 1992; Jadi et al., 2012). The decrease in resistance by somatic 

inhibition divisively suppresses firing rates. In contrast, because dendrites are electrotonically 

distant under cable theory, activating inhibitory conductances only in the dendrites will not 

substantially decrease the resistance where action potentials are generated. Because dendritic 

inhibition does not decrease somatic resistance, dendritic inhibition should subtractively 
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suppress the firing rate (Vu and Krasne, 1992; Jadi et al., 2012). Somatic and dendritic inhibition 

has been confirmed to provide divisive and subtractive suppression respectively to single 

pyramidal neurons in vitro (Miles et al., 1996; Hao et al., 2009). Based on the relationship 

between suppression types and synapse location and the morphology of PV+ and SST+ 

interneurons, activating PV+ and SST+ interneurons should provide divisive and subtractive 

forms of suppression respectively. Based on this evidence, the similarity between the 

suppression evoked by activating SST+ and PV+ interneurons in vivo is unlikely to result from 

identical cellular effects of inhibition. 

The second hypothesis, that the linear effects of inhibition are obscured in a non-linear network, 

is supported by our modelling. Non-linear conversion of suppressed inputs to action potential 

output in individual neurons is sufficient to convert purely subtractive or purely divisive 

suppression to a mixture of effects. By varying just two properties of the model neuron, the 

degree of suppression of the subnetwork of inputs and the model neuron’s threshold, the 

apparent linear suppression in spiking output can be divisive, subtractive, or both (Figure 5f,j). 

The apparent suppression is determined by the model neuron’s properties regardless of 

whether the initial suppression was divisive or subtractive. This type of effect can explain why 

we see indistinguishable forms of linear suppression in vivo (Figure 2) even when activating 

PV+ or SST+ interneurons produces distinct suppression in vitro. In a non-linear network, 

reducing recurrent excitation obscures linear suppression types. 

Reducing recurrent excitation also predicts that activating interneurons narrows frequency 

tuning bandwidth. Because recurrent circuitry expands frequency bandwidth in A1 cortical 

columns (Kaur et al., 2004; Happel et al., 2010), activating interneurons to reduce recurrent 

activity should reduce bandwidths across the population. Activating either population of 

interneurons produced this effect (Figure3). In contrast to the column as a whole, recurrent 

activity does not always expand frequency bandwidth in layer 4 (Kaur et al., 2004; Liu et al., 
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2007; Li et al., 2013), so activating interneurons should not reduce bandwidths in all neurons. 

Activating either population of interneurons also produced this effect (Figure 3). This variability 

cannot be explained if interneurons play a consistent functional role across all of their target 

neurons but instead demonstrates that connections of each neuron in the network are relevant. 

In this case, because recurrent excitation broadens frequency tuning in only some neurons, 

reducing recurrent excitation will only narrow frequency tuning in some neurons.  

Modelling this biologically inspired explanation for the change in bandwidth requires parameters 

for different sets of recurrent and non-recurrent inputs, and we chose not to include these 

parameters for the sake of clarity. These parameters are obviously important biologically, but 

the parameters are difficult to estimate from available data and adding them would not improve 

the model’s explanation of linear suppression types. We therefore present our model as a 

biologically limited but concise tool for understanding how readily non-linear networks can 

obscure linear suppression. Understanding the biological factors (rather than model parameters) 

that give rise to the variability in suppression types we observed is beyond the scope of this 

paper and remains a goal for future work. 

The variability in bandwidth and linear suppression types is most likely due to differences in the 

suppressed network connections and biophysical properties of each neuron. In our model, 

varying corresponding parameters to the network connections and biophysics produces 

differential linear suppression of firing rate (Figure 5f,j). This variability results from the 

differences between neurons, rather than an artefact of the experiment, because the forms of 

suppression in simultaneously recorded cells are not strongly correlated (Figure 4). 

Interpreting the consequences of activating interneurons as modifying recurrent activity can 

explain why the consequences of activating interneurons depends so critically on experimental 

parameters. In V1, the apparent linear suppression type observed when activating interneurons 
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has been demonstrated to depend on the timing between activating interneurons, presenting 

stimuli, and measuring suppression (Atallah et al., 2012, 2014; Lee et al., 2012, 2014; Wilson et 

al., 2012; El-Boustani and Sur, 2014; El-Boustani et al., 2014) as well as the stimulus type (El-

Boustani and Sur, 2014). Further parameters that vary across studies that have not yet been 

studied in detail are the level of suppression produced by activating interneurons, the extent of 

ChR2 expression, and the spread of light. Because all of these parameters can influence activity 

in a recurrent network, all of these parameters can change the apparent linear suppression 

type. Critically, if the in vitro, cellular effects of activating SST+ or PV+ interneurons were the 

sole determinant of in vivo, network suppression, these experimental variables should be 

irrelevant. In contrast, adding or removing spikes to a single neuron in a recurrent network leads 

to significant firing rate changes in a recurrent cortical network (London et al., 2010; Kwan and 

Dan, 2012). Spikes are effectively added or removed from the network when the experimental 

parameters are changed. Changing experimental parameters will change the pattern of 

recurrent network activity and neuronal state. Under our model, changes in the neuronal state 

(distance between resting potential and threshold) or network activity (magnitude of suppression 

in the subnetwork) were sufficient to change the apparent type of suppression (Figure 4). The 

dependence of the consequences of activating interneurons on stimulus parameters cannot be 

explained by only the cellular consequences of inhibition but can be explained by the network 

consequences of inhibition. 

Because the exact stimulus parameters chosen influence the effects, we must discuss how our 

choices influence the observed results. Because previous studies activating interneurons 

focused on V1, we instead chose to another primary sensory cortex to determine the extent that 

activation of interneurons generalizes across cortical areas. We selected tones as a stimulus 

because they drive responses as a mixture of feed-forward and recurrent excitation in the 

auditory cortex (Kaur et al., 2004; Liu et al., 2007; Happel et al., 2010; Li et al., 2013). The 
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purpose of our work was to directly compare tonic activation of different interneurons 

populations, so we tried to minimize possible confounds between groups. We activated 

interneurons throughout tone stimulation to avoid possible differences in the kinetics of 

suppression between groups (El-Boustani and Sur, 2014). We chose light levels such that the 

distribution of suppression levels across the population was well matched between groups, 

which, in theoretical studies, can determine the mixture of divisive and subtractive components ( 

Figure 1, Doiron et al., 2001; Longtin et al., 2002).  We calculated regression slopes using major 

axis regression methods because it accounts for the variance along both axes of firing rate 

regressions whereas ordinary least squares regression does not (Warton et al., 2006; Robert R. 

Sokal, 2013). Major axis regression produces a less biased estimate of the slope of the firing 

rate ratios that can better detect subtractive linear suppression. The increased ability to detect 

subtractive suppression can explain why we observe more subtractive suppression than 

reported in previous studies (Atallah et al., 2012; Lee et al., 2012; El-Boustani and Sur, 2014). 

Again, these parameters should matter if suppression of recurrent activity is involved in 

consequences of activating interneurons but not if interneurons produce fixed forms of 

suppression determined by their cellular properties alone. 

Our study demonstrates the critical role of non-linear interactions when evaluating the effects of 

genetic and cellular manipulations in networks. Activating SST+ or PV+ interneurons produces 

different cellular effects in vitro, but despite using modern tools to selectively activate SST+ or 

PV+ interneurons in vivo, we did not observe different network effects in vivo. We have 

demonstrated that non-linear networks readily obscure linear suppression type and that 

reducing recurrent excitation provides the most parsimonious explanation for the consequences 

of activating SST+ or PV+ interneurons in auditory cortex.  
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Methods 

Animals 

All experiments were approved by the Institutional Animal Care and Use Committee at the 

University of California – San Francisco (protocol AN103233). We activated SST+ and PV+ 

interneurons using commercially available Cre lines from JAX. We targeted SST+ and PV+ 

using SST-Cre and PV-Cre knock-in lines (strains 013044 and 008069) respectively; these 

strains have been demonstrated to drive expression in SST+ and PV+ interneurons of the 

cortex and hippocampus with minimal leak. We crossed these Cre lines to the AI32 line (strain 

012569) which encodes the light-gated depolarizing cation channel channelrhodopsin-2 (ChR2), 

conjugated to eYFP, after a floxed stop cassette under the CAG promoter. 

Histology 

Histology 

Adult Ai32+/-/SST-Cre+/- and Ai32+/-/PV-Cre+/- mice were deeply anesthetized with a mixture of 

ketamine and xylazine and perfused transcardially with 4% paraformaldehyde (PFA) in 

phosphate-buffered saline solution (PBS 0.1 M, pH 7.4). The brains were removed and post-

fixed overnight in the same fixative. The brains were transferred to a solution of 30% sucrose 

0.1M PBS until the brain sank to the bottom of the flask. Coronal sections were cut at 40 um 

thickness using a freezing microtome and placed into a cryo-protective solution (30% ethylene 

glycol, 30% glycerol in 0.1M PBS). The slices were washed in phosphate-buffered saline 

solution three times for 10 minutes, then rinsed in 0.25% Triton X-100/0.1M PBS three times for 
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10 minutes, then incubated in blocking solution (0.25% Triton X-100 and 10% normal donkey 

serum in 0.1M PBS) for 2 hours, and incubated overnight at 4°C in the primary antibody diluted 

in 0.25% Triton X-100, 10% normal donkey serum, in 0.1M PBS. The antibodies used were as 

follows: chicken-anti-GFP (1:500, Aves Lab) and rabbit-anti-parvalbumin (1:1000, Swant). The 

sections were then rinsed in blocking solution of 5% normal donkey serum, 0.25% Triton in 

0.1M PBS three times for 10 minutes. The sections were incubated, in the same blocking buffer 

for 2 hours, with secondary antibodies as follows: donkey-anti-chicken-Alexa-488 (1:200, 

Jackson ImmunoResearch) and donkey-anti-rabbit-Alexa-594 (1:200, Jackson 

ImmunoResearch). The sections were then rinsed in 0.1M PBS three times for 10 minutes, 

mounted on gelatin-subbed slides, and allowed to dry. The slides were then dehydrated and 

defatted by the following sequence of washes: 50% ethanol, 2 min., 70% ethanol, 2 min., 95% 

ethanol, 5 min., 100% ethanol, 10 min., 100% ethanol, 10 min., xylenes, 10 min., xylenes, 10 

min. The sections were promptly cover-slipped using Krystalon mounting medium (EMD 

Millipore) and dried overnight. Digitized images were obtained with a Nikon DS-Fi1 digital 

camera (Nikon Instruments Inc., Melville, NY) on a Nikon ECLIPSE 90i microscope (Nikon 

Instruments Inc., Melville, NY) using a 10X objective.  

In vivo recordings 

Animals were anesthetized with a mixture of ketamine and xylazine, supplemented with 

dexemethesone, atropine, and bupivacaine. The skin and bone over right auditory cortex were 

removed and the brain kept moist with silicone oil. A cisternal drain was performed to reduce 

brain swelling. Primary auditory cortex (A1) was identified, by multiunit recordings of responses 

to tones at different frequencies and intensities, as the low-latency (<12 ms) auditory region with 

a frequency gradient caudal to the main frequency reversal.  Recordings were made using a 16 

site, linear probe (50um spacing, Neuronexus) inserted into A1 ~750um perpendicular to the 

cortical surface.  Stimuli consisted of randomly ordered 50 ms tones of various frequencies 
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(4kHz to 64kHz, 0.2 octave spacing, 1Hz interstimulus interval) near 55 dB SPL (+- 5 dB) 

presented through a free-field high-frequency speaker (ES1, TDT).  On randomly interleaved 

trials, we illuminated the penetration site with blue light.  Light was delivered through a 105um 

diameter fiber optic connected to a 470nm LED (Mightex) or 473nm laser (OLS Laser Systems), 

positioned at the cortical surface just above the probe.  Recordings were performed with a light 

power near 40uW (range 25 to 100 uW), which typically produced about 50% suppression in 

suppressed units.  The light began 250ms before the tone onset with a 50ms linear ramp and 

remained on for 400ms.  Each stimulus was presented 10-40 times with and without light. 

Responses were amplified and digitized continuously with a 16 channel recording system (TDT) 

at 24414 Hz.  Events in the recordings that crossed a 4 standard deviation threshold were 

collected, sorted using KlustaKwik, and reviewed and merged manually to select single units. 

Data analysis 

Event rasters for each unit were constructed around each tone and used to produce cPSTHs 

and FTPss. The cPSTH for each unit was the firing rate in 3ms time bins from 0 to 99ms after 

tone onset, pooled across all tones but separated into light on or light off trials. The firing rate in 

each time bin was compared against the time bins in the 100ms preceding the tone by a rank-

sum test with alpha=0.001. The first significantly different bin was the response onset, the last 

bin was the response termination, and the difference was the duration. The percent suppression 

is the percent change in spike count during this significant time period. The FTP for each unit 

was the firing rate between the response onset and termination as a function of frequency. The 

bandwidth was calculated as the linearly interpolated intersections with a line at half the peak 

response height. Linear suppression was determined from the firing rates in the control and light 

on conditions using standardized major axis linear regression. Only frequencies that elicited a 

significant response in both conditions were included in this analysis. A major axis regression 

was necessary to account for the measurement variance on both the x and y axis, which 
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ordinary least squares regression does not  (Warton et al., 2006; Robert R. Sokal, 2013). Units 

had significant divisive or subtractive components if the regression slope was significantly less 

than one or y-intercept less than zero respectively. Significance of regression parameters was 

based on t-test of the parameter distribution as in [Warton] with alpha = 0.05. R^2 is the 

standard coefficient of determination. For all other parameters, we performed bootstrap analysis 

to indicate whether the changes observed in individual units were significant. To create the 

bootstrap distribution, we shuffled the trials between the control and interneuron activated trials 

500 times and determined the same response metric (e.g. bandwidth). Units were significantly 

affected by activating interneurons if the observed changes were less than 2.5% or greater than 

97.5% of the bootstrap distribution. Unless otherwise noted, statistical tests across the 

population for paired values within the same unit were sign-rank tests; tests for continuous 

parameters between the groups of activating SST+ or PV+ interneurons were rank-sum tests; 

tests for proportions of units significantly affected were compared with fisher’s exact test, except 

for testing the distributions of linear changes (proportional, absolute, both, neither), which were 

compared with a g-test. 

Model 

See supplemental for a formal derivation of the extents of the model. We assumed a population 

of neurons with Gaussian frequency tuning functions that differ only in their mean frequency. 

Because neurons in the cortex are more often connected to neurons with similar tuning 

properties, these input neurons were connected to the output neuron by a Gaussian connectivity 

function. The sum of the individual inputs was given by the convolution of the tuning function 

and the connectivity function. The sum of inputs was then thresholded to produce the model 

neuron’s output. The sum of inputs and the output were then compared to the same network 

with divisive or subtractive modification of all of the input tuning functions. Note: for subtractive 
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suppression to produce divisive like changes, the magnitude of the subtractive effect must 

suppress some activity below zero at some frequencies before rectification. 

Supplemental 

Analytical Model 

A “tuning function” has the following properties: is symmetric about x=0 (violating would simply 

shift the downstream curve laterally); has a unique maxima at x=0 [f(0) > f(x) for x!=0]; is 

constant value at and beyond lambda_f [f(lambda_f) = f(lambda_f+x) = C_f, for x > 0]. A 

“connectivity function” is a tuning function where the constant value is 0 so that all integrals can 

be replaced with definite integrals. The tuning of each presynaptic input neuron is a tuning 

function given by f(x, C_f) which is best tuned to stimulus x with baseline firing rate C_f. Input 

neurons in are model are tuned to different frequencies but otherwise identical, f(x-tau, C_f). 

The connectivity function w(tau) relates the connection strength with the input neuron most 

responsive at tau, f(x-tau, 0). Total input at x is then the contribution of every tuning curve 

weighted by the connectivity function. This can be represented as radial basis functions in a 

Toeplitz matrix and an Nx1 connectivity matrix. Our estimate of the total input is the product of 

these matrices. In the limit of many presynaptic inputs, this is equivalent to convolution,   

𝑖𝑛𝑝𝑢𝑡1(𝑥) = ∫ 𝑓(𝑥 − 𝜏)𝑤(𝜏) 𝛿𝜏 = (𝑓 ∗ 𝑤)(𝑥) . Because f(x) and w(tau) are symmetric with unique 

maxima at x=0, x=0 will also be a unique maxima for input_1(x). We then choose a modification, 

such as divisive or subtractive suppression, that produces a valid tuning function m(x). Then 

d(x) = m(x)-f(x).  𝑖𝑛𝑝𝑢𝑡2(𝑥) = ∫ 𝑚(𝑥 − 𝜏)𝑤(𝜏) 𝛿𝜏 = (𝑚 ∗ 𝑤)(𝑥)  .   ∆𝑖𝑛𝑝𝑢𝑡(𝑥) = 𝑖𝑛𝑝𝑢𝑡2(𝑥) −

𝑖𝑛𝑝𝑢𝑡1(𝑥) = (𝑚 ∗ 𝑤)(𝑥) − (𝑓 ∗ 𝑤)(𝑥) = ((𝑚 − 𝑓) ∗ 𝑤)(𝑥) = (𝑑 ∗ 𝑤)(𝑥) .  

 Using a subtractive modification, m(x) = f(x) - S, non-linear subtractive suppression produces 

peaked suppression downstream. For the suppression to qualify as non-linear, the magnitude of 

the subtractive suppression, S, must be greater than the baseline firing rate C_f [ S > C_f]. At 
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the center of the tuning curve S input is lost, but beyond the edges of the tuning curve, 

lambda_f, only C_f is lost due to rectification. Because C_f < f(0), d(0) > d(lambda_f). Therefore, 

W(0) is a maximum, (d*w)(0) > (d*w)(lambda_f). Even though the presynaptic tuning curves, 

f(x), underwent uniform subtractive suppression before rectification, the downstream neuron lost 

more input at x=0 where the input is strongest. This change in input is then no longer uniform 

and somewhat proportional. 

We can also ask whether (d*w)(0) is a unique maxima such that downstream suppression will 

be more proportional to (f*w)(x). Subtractive suppression of a tuning function will produce some 

maximal, constant segment centered at x=0 with width lambda_flat. If lambda_flat = lambda_w, 

then at (d*w)(0) then all values of the tuning function in the definite integral are constant at this 

one point, and this point will be a unique maximum. If lambda_flat > lambda_w, then (d*w)(0) 

will not be unique. If lambda_flat < lambda_w, then (d*w)(0) will still be unique but the 

subtractive effect will be smaller than d*-S. If Lambda_flat <= lambda_f, Therefore if the range 

of connectivity is not smaller than the width of the tuning curves, (d*w)(0) will be a unique 

maximum. 

A proportional change of inputs increases threshold relative to peak rate. In our model, 

thresholds are independent of the input. With a proportional change in input, inputs at threshold 

(x = t) are decreased below threshold (x/proportion < t). An equivalent form is to proportionally 

increase the threshold ( x < proportion * t). As a thresholding is mathematically equivalent to a 

subtractive change and rectification, the proportionally larger threshold is equivalent to 

subtractively suppressing the output. Note: this effect will still occur with a threshold that does 

depend on the stimulus strength as long as the rate of change of the threshold is less than the 

rate of change of the stimulus strength, which is true for monotonic input-output functions. 
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Figure S1 – Varying model parameters dictates linear suppression apparent in firing rate. a) By 

varying different parameters of our model, the linear suppression type apparent in the firing rate 

changes. Varying only the magnitude by which the network of input neurons is suppressed (a) 

changes the slope of the firing rate function whether the inputs are suppressed divisively (d) or 

subtractively (g). b) Varying only the threshold level (relative to the peak control magnitude) (b) 

change the y-intercept of the firing rate function whether the inputs are suppressed divisively (e) 

or subtractively (h). c) Varying both the magnitude of input suppression and threshold (c) can 

change both the slope and y-intercept of the firing rate function whether the inputs are 

suppressed divisively (f) or subtractively (i). d) A set of 9 panels for the effects of divisively 

suppressing the input subnetwork by different degrees. Each column represents a different 

degree of suppression (37%, 28%, and 9% respectively). The first row is the pointwise 

comparison between the sum of input EPSPs in the control versus suppressed conditions 

(equivalent to Figure 5d right). The degree of input suppression changes the slope of the 

suppressed line. The second row adds a threshold line (dashed red) to the same panel 

(equivalent to Figure 5e left). Because the threshold is fixed, the threshold line is at the same 

level in each panel. In the first two rows, the diagonal black line in each panel corresponds to no 

suppression, and the purple line indicates the divisively suppressed input. To create the third 

row, subthreshold inputs are removed and the firing rate is assumed to be a linear function of 

the EPSP above threshold.  The plots are scaled corresponding to the observable firing rate, 

which means that the unsuppressed firing rate (black diagonal line) is always from (0,0) to (1,1). 

The purple line indicates the firing rate of the model neuron in the third row. Across columns in 

the third row, the slope of the firing rate decreases and appears to be increasingly divisive 

suppression. e) A similar set of 9 panels to d, but varying the threshold of the model neuron 

rather than degree of input suppression. Each column represents a different threshold relative to 

the peak sum of EPSPs (2.5%, 29%, and 76%). Because the degree of suppression of the input 

network is fixed, all of the lines in the first row have the same slope. Because the threshold is 
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changing, the red dashed line in the second row changes. Across columns in the third row, the 

y-intercept of the firing rate decreases and appears to be increasingly subtractive suppression. 

f) A similar set of 9 panels to d and e, but varying the threshold and degree of input suppression 

simultaneously. Each column represents a different threshold and degree of suppression 

(threshold:suppression pairs,   2.5:35%,  29:28%,  76:9%). The slopes are all different in the first 

row and the threshold lines are all different in the second row. Across columns in the third row, 

the slope and y-intercept of the firing rate change such that the peak suppressed output remains 

~60% of the control rate. The change in firing rate appears divisive, subtractive, or both despite 

the suppression of the input subnetwork being purely divisive. g-i) A similar set of panels to (d-f) 

for subtractive rather than divisive suppression. Again, the apparent firing rate suppression can 

appear divisive, subtractive, or both despite the suppression of the input subnetwork being 

purely subtractive. 
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Chapter 4 – Noise suppresses auditory cortical responses more strongly as intensity 

increases even for fixed signal-to-noise ratios. 

Introduction: 

The auditory system, as most sensory modalities, has a dynamic range that spans many orders 

of magnitude (Pollack and Pickett, 1958). Are the effects of noise consistent across this large 

dynamic range? Can increasing noise always be overcome by increasing the signal 

proportionally? 

Auditory signals, such as speech, must typically be processed in the presence of background 

noise. Speech reception performance progressively declines as noise levels increase, which 

decreases the signal-to-noise ratio (SNR) (French and Steinberg, 1947; Pollack and Pickett, 

1958; Studebaker et al., 1999; Dubno et al., 2005). To overcome noise, speech levels can be 

increased, which can restore intelligibility. However, speech at the same SNR is less intelligible 

at high speech and noise levels (French and Steinberg, 1947; Pollack and Pickett, 1958; 

Studebaker et al., 1999; Dubno et al., 2005). Although the deleterious effects of noise increase 

at higher levels, the neural correlates of this interaction between SNR and stimulus level are 

unknown. 

Representations of signals in noise differ across auditory stations. Higher auditory stations 

appear to provide a more noise-robust representation of signals than do lower stations (Bar-

Yosef and Nelken, 2007; Moore et al., 2013; Rabinowitz et al., 2013; Schneider and Woolley, 

2013). While auditory nerve fibers respond continuously in the presence of noise, higher 

stations respond predominantly to changes in stimulus statistics (Costalupes et al., 1984; 

Gibson et al., 1985; Phillips, 1985; Phillips and Hall, 1986; Rabinowitz et al., 2013; Schneider 

and Woolley, 2013). 
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In primary auditory cortex, white noise typically produces an onset response followed by much 

weaker sustained activity (Scott et al., 2011). During continuous noise, tone-evoked response 

magnitudes decrease as noise levels increase (Phillips, 1985; Phillips and Hall, 1986). At low 

noise levels, the noise-induced decrease in firing rate can be overcome by linearly increasing 

the tone level 1:1 (Phillips, 1985, 1990; Phillips and Cynader, 1985; Phillips and Hall, 1986; 

Liang et al., 2014). This 1:1 shift matches the psychophysical effects of noise at low to moderate 

stimulus levels (French and Steinberg, 1947). However, as noise levels rise above ~55 dB, 

psychophysical performance decreases non-linearly (French and Steinberg, 1947; Studebaker 

et al., 1999; Dubno et al., 2005), which cannot be explained by linear shifts. 

To determine neural correlates of why noise at the same SNR is more disruptive at high levels, 

we recorded from primary auditory cortex of anesthetized rats while presenting tones embedded 

in noise. The level of the tone and noise co-varied to maintain a fixed SNR in each block, and 

the SNR varied between blocks. We found that the effects of noise on firing rate, bandwidth, 

and spike train discriminability depended on the SNR, stimulus intensity, and their interaction. 

These effects were stronger than linear shifts, particularly when the noise level was highest. 

Linear shifts also failed to explain noise-induced delays in response latencies and changes in 

steady-state firing rates: instead of an interaction between SNR and stimulus level, the effects of 

these parameters were independent. In a human psychophysical study with fixed SNR, speech 

reception performance also depended on both the SNR and stimulus level. The dependence on 

the interaction between SNR and stimulus level for human performance and neural firing rate, 

bandwidth, and spike train discriminability suggests these neural changes may be correlates of 

the psychophysical effect.    
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Materials and Methods  

Surgical Procedures 

All procedures were approved by the institutional care and use committee of the University of 

California San Francisco. Twelve healthy adult female Sprague–Dawley rats (age 54–94 days, 

median 70 days) were used in this study. Each rat was anesthetized using pentobarbital (50-80 

mg/kg KG i.p., supplemented as needed with 10-15 mg/kg KG i.p.) supported with Atropine (0.2 

mg/kg KG i.m.), dexamethasone (1 mg/kg KG i.m.), Meloxicam (2 mg/kg KG i.m.) and 

Bupivicaine (0.25% s.c.). The rat’s body temperature was maintained near 37.0 °C with a 

homothermic blanket system (Baxter, YSI); a tracheotomy was performed to stabilize respiratory 

function; and a cisternal drain was introduced to increase brain stability. After positioning the 

rats in a head clamp, the right temporal muscle, cranium and dura were removed to expose the 

auditory cortex. Finally, the cortex was covered with silicone oil. 

Electrophysiological Recording Procedures 

All recording procedures were performed in a sound isolated chamber (Acoustic Systems). 

Parylene-C coated tungsten wire electrodes with an impedance of 0.8 to 1.0 MΩ (Microprobes, 

125 μm diameter) were advanced orthogonal to the pia 500 ± 10 μm into the thalamorecipient 

layers of cortex (layer III-IV). The neural responses were amplified, filtered (0.6–3 kHz, Notch of 

60 Hz), displayed, and stored with hardware and software manufactured by Tucker-Davis 

Technologies (TDT, Alachua, FL, USA). Initial multiunit mapping was used to identify the 

primary auditory cortex, which was targeted for data collection. 

The stimuli we used were tones in fixed SNR noise. In this stimulus space, tone frequency, tone 

level, and noise level form three orthogonal dimensions (Figure 1). Fixing the SNR is different 

from the approach employed in many previous studies that fix the noise level and vary the tone 
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level or the reverse (e.g. Shetake et al., 2011; Rabinowitz et al., 2013; Schneider and Woolley, 

2013). These experiments are slices along one of the dimensions of this space (figure 1a,b). In 

contrast, fixing the SNR takes slices parallel to the diagonal of tone and noise levels (figure 1c). 

This representation allows us to easily analyze and visualize how changing the SNR modulates 

responses. We chose to study a fixed range of tone levels with the consequence that the 

maximum noise amplitude in each block depends on the SNR (figure 1d). By taking multiple 

slices through this stimulus space, we were able to investigate interactions between the SNR 

and overall level explicitly.  

 

Figure 1. Different experimental designs in tone frequency, tone level, and noise level space. A) 

Left: the amplitude of the noise (grey area) and tone (black waveform) for a fixed noise level. 

The tone changes amplitude between trials. Right: Fixed noise experiments are slices along a 

single noise level. B) Left: diagram as in A for a fixed tone level. The noise changes amplitude 

between trials. Right: Fixed tone level experiments are slices along a single tone level. C) Left: 

Diagram as in A for fixed SNR noise. The blue and red windows indicate time periods for 

analysis. Both tone and noise levels change between trials. Right: Constant SNRs are diagonal 

slices along both tone and noise level. D) The relationship between tone level and noise level 

for fixed SNR noise at different SNR levels used in our study. The diagonal lines are specific 

examples of the diagonal slices from C. 
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The stimuli used in this study were sixty five tones logarithmically spaced between 0.5 kHz and 

38.98 kHz (25 ms duration with 5 ms cosine ramps). White noise was generated randomly for 

each trial (General Radio Company) with calibrated amplitude (Brüel & Kjær sound meter, linear 

weighting) to form SNRs with respect to the tone of +43, +33, +23, +13, +3, and a no noise 

condition, which we will refer to as SNR+∞dB. The stimuli were presented in the closed field to the 

contralateral ear with a calibrated speaker (STAX, max stimulus 85 +- 5 dB across frequency 

range). On each trial, both the tone and noise were attenuated 0 to 70 dB to maintain the same 

SNR for tone presentations of 15 to 85 dB SPL (linear frequency weighting, level from 0 to ~40 

kHz). Tone frequencies and stimulus attenuations were pseudo-randomly ordered within each 

SNR condition. Tones were presented at least 450 ms apart. The attenuation changed at least 

275 ms before each tone presentation to allow the response to the change in noise level to 

reach a steady-state firing rate after any onset transient. Based on previous work in 

anesthetized cat A1, this should allow sufficient time for changes due to the noise level to 

stabilize (Phillips, 1985). The duration of a single pass through the stimulus space was 3:54, 

and all six SNR conditions required 23:40 of recording time. An additional few minutes were 

required between each SNR condition to adjust equipment.  

Psychophysics 

Psychophysical studies were approved by the representative human institutional review board 

at the Hannover Medical School (Approval Number 6376). A total of 20 healthy and normal 

hearing subjects were included in the study. These were 12 female and 8 male subjects. The 

age of the subjects ranged from 18 to 40 years (median 25 years). All subjects were German 

native speakers. The measurements were performed with conventional audiometers and were 

conducted in approved sound booths. The Freiburger Monosyllabic word test was conducted for 

the left ear at SNRs 10, 5, 0, -5, -10 dB and signal levels of 60, 50, 40, and 30 dB. The patient is 

asked to repeat monosyllabic words after hearing them, and the examiner marks the correctly 
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understood words. 10 lists of 20 words are used to minimize the ability of the patient to learn the 

list (Lehnhardt, 1987). 

Data Analysis 

    Data Analysis was performed with MATLAB® (MathWorks, Natick, MA, USA). Frequency 

Response Areas (FRAs) were constructed from the average firing rate in a 50 ms window 

following tone onset at every tone frequency and intensity within each available SNR condition. 

To determine the responsive area, the FRA was smoothed with a discrete Gaussian kernel (4 

frequencies by 2 intensities, weighting standard deviation = 1 bin). The maximum value was 

selected and all contiguous points above half the maximum value were selected as the 

thresholded FRA (tFRA). The threshold was set relative to the maximum firing rate rather than 

related to baseline firing rate statistics because noise can influence the firing rate mean and 

variance (Scott et al., 2011), and a threshold relative to maximum allows us to rule out changes 

in shape due to run down over the length of the recording (Phillips, 1985). The tone response 

threshold was defined as the lowest non-empty row of the tFRA. The Characteristic Frequency 

(CF) was defined as the middle value (rounded down) of that row. Bandwidth was determined at 

each level by the number of frequencies in that row of the tFRA. The level above threshold was 

determined for each SNR condition. Rate-Level Functions (RLFs) were constructed as the 

average firing rate of frequencies within 0.5 octaves of CF at each intensity (i.e. 11 trials in each 

average). Peri-Stimulus Time Histograms (PSTHs) were calculated at 1 ms resolution. For tone 

responses, PTSHs were collected for tones at and above threshold within 0.5 octaves of CF (i.e. 

11 trials in each average). For steady-state responses at a fixed noise level in each SNR 

condition, average firing rates and PSTHs were collected for all stimuli at that noise level (i.e. 65 

trials in each average) in the 50 ms preceding the tone (i.e. 225 ms after the change in noise 

level). 



 

84 
 

    Spike train classifiers were constructed after (Foffani and Moxon, 2004). For each site and 

SNR condition, stimuli were broken up into classes (different intensity levels within 0.5 octaves 

of CF (i.e. 11 trials in each class) or different frequency (0.5 octaves) x level (10 dB) bins (i.e. 10 

trials in each class)). Firing pattern templates were constructed from PSTHs averaged across 

trials in each class. The time binning for each site and SNR condition was optimized 

independently to produce the best average percent correct with bin sizes of 0.5, 1, 2.5, 5, 10, 

20, 50 ms. We iteratively selected each trial for classification. To perform classification, we 

removed the contribution of that trial from its stimulus class template and determined the 

Euclidean distance to each template. The minimum distance template was then marked in the 

confusion matrix.  

   All linear regressions are ordinary least squares. In figures, shaded regions and error bars 

represent mean ± SEM. ANOVA measures was used to identify significant main effects and 

interactions between stimulus level and SNR. In particular, a significant interaction term means 

that the effect of noise at a fixed SNR varies with stimulus level. Because the non-linear effects 

of noise on speech intelligibility is a type of interaction between SNR and stimulus level, neural 

correlates of these psychophysical effects are likely to have interactions between SNR and 

stimulus level. 

Results 

For fixed SNRs, firing rates to CF tones diminished with increasing tone and noise levels. 

We constructed frequency response areas (FRAs) from 126 multiunit sites in six positive SNR 

conditions (SNR+3dB to SNR+43dB in 10 dB steps and a noiseless condition denoted as SNR+∞dB) 

for 25 ms tones by averaging firing rates within a 50 ms window beginning at tone onset. To 

maintain a fixed SNR, the amplitude of the noise was changed between trials, 275 ms before 

the next tone presentation (Fig. 1c). The FRAs were smoothed, then thresholded to produce 
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tFRAs delineating the frequency-intensity pairs that evoked spiking activity (Fig. 2a,b). Individual 

FRAs were often V-, I-, or O-shaped depending on site and SNR condition (Sadagopan and 

Wang, 2008). The sampled characteristic frequencies (CFs, the median responsive frequency at 

threshold) ranged from 0.6 to 36 kHz with a population median of 6.2 kHz. Two example sites 

are illustrated in Figure 2a-d. In the first example, the site responds to many frequencies at high 

intensities in the SNR+∞dB condition, and the FRA is initially V-shaped. As the SNR decreases, 

the high frequency response extent narrows and is eventually eliminated, and the FRA becomes 

O-shaped (Figure 2b). In the FRA, the area of lighter colors diminishes as the SNR decreases, 

which corresponds to the smaller area in white in the tFRA. The second example shows a 

similar trend, such that the response strength at high intensities decreases and eventually 

disappears as the SNR decreases (Figure 2d). This was true across the population. As a result, 

the population average FRAs (aligned by CF and no-noise response threshold, N=126) 

changed qualitatively from V-shaped to O-shaped with decreasing SNRs (Figure 2e). FRAs 

seem most strongly affected by the presence of background noise at high levels, such as at 

high tone intensities in low SNR conditions. 
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Figure 2. A) The unsmoothed FRA for an example site in the SNR+∞dB condition. Lighter colors 

represent higher firing rates defined in B. B. Top: the smoothed FRAs for the same example site 

across SNR conditions. A grey box (e.g. SNR+3dB) indicates no data were collected at that SNR. 

Bottom: the results of the thresholding procedure indicating the region considered responsive 

for subsequent analysis. C,D. Another example site, with panels as in A,B. E. Population 

average FRAs aligned by CF and threshold for each site. 

We began quantifying the changes in FRAs by examining the rate versus level functions (RLFs). 

The RLF is the average firing rate for tones within 0.5 octaves of CF across intensities (Figure 

3a,b,c,d). The first example site (Figure 4a) fired more action potentials as the stimulus intensity 

increased at high SNRs (dark lines), but the site responded only weakly for stimuli above 40 dB 
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SPL at low SNRs (light lines). The second example site (Figure 3b) responded well to all 

stimulus levels tested at high SNRs, but at low SNRs, response strength decreased for tones 

above ~45 dB SPL. These trends were present in the population average RLF (Figure 3c) and 

are particularly clear when each RLF is aligned by threshold (Figure 3d). 

Across the population, we found no change in the stimulus thresholds required to elicit 

responses across SNR conditions (Figure 3e, one-way ANOVA: F(5,543) = 1.2, p = 0.31). 

Increasing the noise to any level up to a site’s threshold in the noiseless condition did not, on 

average, change that site’s threshold. Regardless of the SNR, the sites’ tone response 

thresholds were unaffected. 

Across the population, firing rates for CF tones depended not only on the stimulus level above 

threshold and SNR but also the interaction between stimulus level and SNR (Figure 3f, two-way 

ANOVA: main effect of SNR: F(5,2587) = 14.17, p < 0.001, main effect of amplitude above 

threshold: F(4, 2587) = 4.89, p = < 0.001, interaction term: F(20,2587) = 2.64, p = 0.002). 

Comparing the furthest left bar in each group of Figure 3f, firing rates near threshold did not 

change regardless of SNR (one-way ANOVA, F(5,543) = 1.12 p = 0.34), but responses at 

higher intensities depended on the SNR. At SNR+∞dB (black bars in Fig 3f), the population 

average firing rates increased ~20% as stimulus intensity increased. At SNR+13dB or SNR+3dB 

(light bars in Fig 3f) by contrast, the firing rates decreased ~50% as stimulus intensity 

increased. In the ANOVA, the significant interaction term represents this effect and indicates 

that the effects of SNR are not separable from stimulus intensity for rate level functions. 

For each site and SNR condition we estimated the slope of the line of best fit for the firing rate 

versus tone level functions. Although the rate level functions are non-linear in reality, the slope 

of the line of best fit provides a concise first-order approximation of the changes in rate due to 

level. Across the population, we found that decreasing the SNR decreased the slope of the 
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RLFs at each site. We then fit another line to the slope parameters from every site and SNR 

condition and found that decreasing the SNR lead to a linear decrease in the slope of the RLFs 

(Figure 3g, r= -0.42, n = 541, p < 0.001). The average slopes of the RLFs are the black points in 

Figure 3g. In Figure 3f, lines with these slopes are drawn over the respective bars. These lines 

match the population average RLF quite well. This analysis provides additional details about the 

type of interaction observed in the ANOVA and supports the conclusion that the effects of SNR 

are not separable from stimulus intensity for rate level functions. 

From Figure 3e, we know that the average site threshold is ~30 dB SPL, and from Figure 3f, we 

know the average rate level function for tones above threshold. For a neuron with the average 

threshold and rate level function, what are the implications of the interaction between SNR and 

stimulus intensity? For a CF tone presented at 70 dB (40 dB above threshold), increasing the 

level of continuous white noise will decrease the response rate. In the absence of noise, a 70 

dB tone would evoke a firing rate of ~80 Hz, but when continuous noise is presented at 50 or 60 

dB, the tone-evoked firing rate would only be ~40 Hz. As the tone level decreases and becomes 

closer to threshold, the effect of fixed SNR noise diminishes and eventually disappears. For 

tones at 30 dB (i.e. at threshold), noise at any level below 30 dB will not affect the tone-evoked 

firing rate: regardless of the SNR, the neuron always responds at ~70 Hz. This neuron’s firing 

rate to tones in noise would be very robust firing rate to changes in the SNR at low stimulus 

levels. At high stimulus levels by contrast, when the tone and noise levels could be high, this 

robustness is lost, and noise in the same range of SNR levels could decrease the neuron’s firing 

rate. 
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Figure 3. A. RLFs. Far left: RLF for same example as in figure 2a. Lines represent different SNR 

conditions coded to colors in F and listed at the right. These colors are used throughout. B: RLF 

for same example as in figure 2b. C. Population mean of RLFs. D. Population mean of RLFs 

aligned by threshold. E. Population mean response thresholds. F. Population firing rates near 

CF by stimulus intensity above threshold and SNR condition. Black line above the bars from 

each SNR condition corresponds to the average slope of the RLF from G. G. Population 

average slopes of firing rate near CF by intensity above threshold for each SNR condition. Light 

grey lines are the individual slopes of each site across SNRs. The black dots are the population 

average slopes. Black line through these dots is the regression line across sites and SNRs. 

Noise at high intensities suppresses firing rates to CF tones more strongly than 

predicted by a 1:1 shift.  

A 1:1 shift implies that, for sufficiently high noise, when the noise level increases by 10 dB, the 

rate level function should also shift by 10 dB (Phillips, 1985; Phillips and Cynader, 1985; Phillips 

and Hall, 1986; Liang et al., 2014). An illustration of the predicted changes in firing rates for a 
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1:1 shift for the same “average neuron” from Figure 3 with a threshold of 30 dB and RLF in the 

SNR+∞dB condition is provided in Figure 4a. For the SNR+3dB condition, when the tone level is at 

threshold, the noise level would also be very close to threshold. Increasing the tone and noise 

levels by 10 dB (or more) would also shift the RLF by ~10 dB (or more, respectively). As a 

result, increasing the tone and noise levels would not change the firing rate due to the shift, and 

the RLF in the SNR+3dB condition should be flat (lightest bars in Figure 4a). For the SNR+13dB 

condition, when the tone level is at threshold, the noise would still be more than 10 dB from 

threshold. Increasing the tone and noise levels by 10 dB would result in an increased firing rate 

because the noise is only then reaching threshold. Increasing the tone and noise levels further 

would produce a similar flat response. The magnitude of the flat portion of the response would 

be approximately the same as 10 dB above threshold in the SNR+∞dB RLF because when the 

tone is 10 dB above threshold, the noise level reaches threshold and begins to shift the RLF 

with every increase. At higher SNRs, more and more of the SNR+∞dB RLF would be observable 

before the effects of noise became visible.  

The illustration of a 1:1 shift in Figure 4a is different from what we actually observed Figure 3f. 

In particular, the SNR+3dB RLF was suppressed to ~50% below the rate near threshold (Figure 

4b). The negative slopes of the firing rate versus tone level functions provide the statistical 

evidence that the suppression is stronger than a 1:1 shift would predict (Fig 3G). These 

negative slopes are also different than a weaker shift that is less than 1:1, which would result in 

a positive slope. In the context of RLFs, high intensity noise suppresses responses more 

strongly than a 1:1 threshold shift. 

The way we collected data makes it difficult to directly estimate from our data whether any linear 

threshold shift greater than 1:1 can explain our data. However, given the trends in our data, any 

linear function of the noise level is unlikely to be sufficient. In particular, for the SNR+13dB and 

SNR+3dB conditions, multiple levels respond at rates below the threshold rate but still have 
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significant responses. This is only possible if our estimate of the threshold is off by 20 dB or 

more or the slope of the RLF changes in addition to a threshold shift. Our estimate of the 

threshold is likely to be accurate to within at least 10 dB because the threshold aligned RLFs 

rise very steeply at threshold (Fig 3d); therefore, the slope of the RLF changes, which is a non-

linear effect. Previous research has shown that, for a reduced range of noise levels at low 

intensities, the effects of noise can be explained by a ~1:1 shift; therefore, if we see effects that 

are stronger than a 1:1 threshold shift, the effect must be non-linear. A non-linear function would 

match the psychophysical description that the effect of noise maskers non-linearly increases at 

intensities above 55 dB (French and Steinberg, 1947; Studebaker et al., 1999; Dubno et al., 

2005).  

To confirm the suppression we observe is stronger than a 1:1 threshold shift, we also 

reconstructed fixed noise level tuning curves from across stimulus blocks. Because the 

response threshold did not change between blocks (fig 3e) and firing rate at threshold was 

stable (fig 3f), we have no reason to believe that the difference in time between recording blocks 

influenced the results. By examining the tone-evoked firing rate 23 dB above fixed noise levels, 

we can remove the effects of any 1:1 shift. Under a 1:1 shift, the noise would have shifted RLFs 

to higher levels, such that we were always recording 23 dB above the shifted threshold. 

Because this analysis is only sensible for stimuli above threshold, we only included noise levels 

22 dB and above where tone stimuli an additional 23 dB higher were above threshold for at 

least 85% of sites. (Note: the responses 23 dB above fixed noise are strongly related to the 

SNR+23dB CF firing rate but organized by noise level rather than site threshold.) However, even 

after removing the effects of the 1:1 shift, the firing rate is still negatively correlated with noise 

level (r = -0.1, p < 0.001). This negative correlation is further evidence that tone-evoked firing in 

the auditory cortex is not robust to noise when the absolute noise level is high. 
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Figure 4. A. Theoretical predictions for a 1:1 threshold shift on the change in CF firing rate. As 

SNR decreases the RLF flattens at lower intensities above threshold. B. The observed change 

in CF firing rate in the SNR+3dB condition reproduced from Figure 3F. C. Population FRAs 

aligned by CF for fixed noise levels. We only collected responses at up to five tone levels above 

each fixed noise level (represented in grey); one from each positive SNR condition. D. Average 

responses near CF, 20 dB above the noise level. 

For fixed SNRs, response bandwidths narrows with increasing tone and noise levels. 

To quantify changes in the shape of the tFRAs, we calculated the half-height bandwidth from 10 

to 40 dB above threshold across different SNRs. Example iso-intensity frequency tuning curves 

at 10 and 40 dB above threshold for different SNRs are shown in Figure 5. The first example 

site (Figure 5a) responded almost the same across frequencies as the SNR changed at 10 dB 

above threshold, but at 40 dB above threshold, the response across frequencies diminished in 
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magnitude (as predicted by the change in the RLF, Figure 3) and became narrower in the sense 

that few frequencies evoked firing. The second example site (Figure 5b) was similar in that the 

changes were small at 10 dB above threshold but large 40 dB above threshold. A major factor in 

the decrease in bandwidth was that firing rates for tones decreased at high noise levels (Figure 

3). With decreased firing rates, many tones no longer evoked action potentials, and as a result, 

the bandwidth decreased. These trends can also be seen in the population averages (Figure 

5c).  

Across the population, at intensities near threshold, both the iso-intensity tuning curves and 

bandwidths changed very little as SNR decreased, but at higher intensities above threshold, the 

iso-intensity tuning curves and bandwidths became narrower as the SNR decreased. The 

bandwidth therefore depends on the stimulus level and SNR as well as the interaction between 

them (Figure 5c,d, two-way ANOVA: main effect of intensity above threshold: F(3,2044) = 7.10, 

p < 0.001, main effect of SNR: F(5,2044) = 39.45, p < 0.001, interaction term: F(15,2044) = 

6.81, p < 0.001). Bandwidths 10 dB above threshold did not change with the SNR (one-way 

ANOVA, F(5,543) = 1, p = 0.42), but the bandwidth at higher intensities depended on the SNR. 

At high SNRs, bandwidths 30-40 dB above threshold were about twice as wide as at 10 dB 

above threshold (positive slopes in the bandwidth vs intensity function, as required for a V-

shaped FRA), but at low SNRs, bandwidths 30-40 dB above threshold were half as wide as at 

10dB above threshold (negative slopes in the bandwidth vs intensity function, as required for a 

O-shaped FRA). The significant interaction term in the ANOVA indicates the effects of noise on 

bandwidth due to SNR are not separable from stimulus intensity. 

For each site and SNR condition we estimated the slope of the line of best fit for the bandwidth 

versus tone level functions. Across the population, we found that decreasing the SNR 

decreased the slope at each site. We then fit a line to the slope parameter at each site and 

found that decreasing the SNR lead to a linear decrease in the slope at each site. (Figure 5e, r 
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= -0.47, n = 531, p < 0.001). This analysis provides additional details about the type of 

interaction observed in the ANOVA. The negative slopes across the population in low SNR 

conditions indicate the FRAs for fixed SNR noise becomes O-shaped. These results support the 

conclusion that the effects of SNR are not separable from stimulus intensity for rate level 

functions.  

Again, the changes in bandwidth are more pronounced than a 1:1 shift in threshold. With a 1:1 

shift, the bandwidths in the SNR+3dB condition should be identical across all intensities (similar to 

Figure 4a). Instead, the bandwidths in SNR+3dB condition decrease with stimulus amplitude and 

were half as wide 40 dB above threshold than as at 10 dB above threshold.  

Because we know the average site threshold (Figure 3e) and the bandwidths above threshold 

(Figure 5d), we can ask as we did for firing rate, what does the interaction between SNR and 

stimulus intensity imply for a neuron with average threshold and bandwidth? For a tone at 70 dB 

(40 dB above the average threshold at 30 dB), increasing the noise will decrease the bandwidth. 

The neuron’s bandwidth will be over an octave wide in the absence of noise, but once the noise 

is ~60 dB, the bandwidth will be less than half an octave wide. As the tone intensity decreases, 

the interaction with SNR diminishes and eventually disappears. For a tone at 40 dB (10 dB 

above threshold), the level of the noise is irrelevant as long as it is less than 30 dB: the 

bandwidth will always be ~0.65 octaves. This neuron’s bandwidth in noise would be very robust 

to changes in the SNR at low stimulus levels. At high stimulus levels, when both the tone and 

noise levels could be high, this robustness is lost, and noise in the same range of SNR levels 

could decrease the neuron’s bandwidth. 
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Figure 5. A. Smoothed frequency response across SNRs (colored as in D and as listed at right) 

for an example site at 10 dB above threshold (top) or 40 dB above threshold (bottom, grey 

background). B. Another example site, as in A. C. Population average frequency responses 

across SNRs. D. Population bandwidths by stimulus intensity above threshold and SNR 

condition. Black line above the bars from each SNR condition corresponds to the average slope 

from E. E. Population average slopes of bandwidth by intensity above threshold for each SNR 

condition. Light grey lines are the individual slopes of each site across SNRs. Black dots are the 

mean slope within each SNR. Black line is the regression line through those dots across sites 

and SNRs. 
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For fixed SNRs, information in spike trains about tone level decreases as the tone and 

noise levels increase.  

We used a spike train classifier to test whether decreasing the SNR lessened the differences 

between spike trains for different tone levels. For each site and SNR condition, we constructed 

templates from spike trains at each tone level. Each tone level template was constructed from 

the PSTH of spike trains with 0.5 octaves of CF for tones at that level. The binning of the PSTH 

was optimized within each SNR condition to maximize classification performance. Classification 

was performed by binning each spike train by the optimal bin size, and calculating the Euclidean 

distance to the template for each tone level. (To avoid comparing a spike train to itself, the 

contribution of the classified spike train was removed from its corresponding template before 

calculating the distances.) Each spike train was classified by assigning it to the same tone level 

as the template to which it was closest. These classifications were used to construct confusion 

matrices.  

Confusion matrices are normalized, two-dimensional histograms where the columns correspond 

to the actual tone level presented and the rows correspond to the predicted tone level by the 

classifier. An example is shown in Figure 6a. When the classifier predicts the actual tone level 

correctly, the value falls along the diagonal of the confusion matrix. In Figure 6a, these accurate 

predictions create the white squares along the diagonal at 35, 25, and 15 dB. When the 

classifier predicts a level that does not correspond to the actual level, the value falls outside of 

the diagonal. In Figure 6a, these inaccurate predictions create the weakly structured pattern of 

colors in the left portion of the confusion matrix corresponding to tone levels above 45 dB. 

The population average confusion matrices (Figure 6b) showed a concentration of values 

(brighter colors) along the diagonal in the SNR+∞dB condition but a more distributed pattern of 

values as the SNR decreased. To quantify how these patterns relate to classification 
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performance, we calculated a percent correct for each confusion matrix. The percent correct is 

the average value along the diagonal of the confusion matrix. Across the population of sites, the 

average percentage of correctly classified tone levels decreased as the SNR decreased (Figure 

6c, r = -0.32, n = 549, p < 0.001). The classification of tone levels in noise by spike trains is not 

robust to decreases in the SNR. 

 

Figure 6. A. Confusion matrix for tone level classification for an example site in the SNR+∞dB 

condition. Lighter colors indicate a higher proportion of spike trains from that actual dB level 

(column) were classified as a given dB level (row). Proportions defined at right. B. Population 

average confusion matrices across SNR conditions. C. Average percent correct classification 

across SNR conditions. Dashed line indicates chance performance. 

For fixed SNRs, information in spike trains about tone frequency decreases as tone and 

noise levels increase. 

We used a spike train classifier to test whether the decreasing the SNR lessened the 

differences between spike trains for different tone frequencies and whether these differences 

were influenced by tone level. The spike train classifier for tone frequency was constructed 

similarly to the classifier for tone level. Instead of CF tones at different levels, the templates 

were instead constructed from blocks of tone frequencies and intensities spanning 0.5 octaves 

by 10 dB within each SNR condition at 0-10, 20-30, and 40-50 dB above threshold.  
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The classification performance of each site is limited by, but not defined by, the bandwidth for 

that intensity level. Frequencies outside of the bandwidth of a given site cannot be discriminated 

between, so the expected performance of this classifier should be correlated with bandwidth. 

Because we have shown that bandwidth depends on the interaction of SNR and stimulus level 

(Figure 5), we expect that spike train classification of tone frequency will also depend on the 

interaction of tone and stimulus level. This effect can be seen in the example in Figure 7a. For 

tones 0 to 10 dB above threshold (Figure 7a top), a small region between 8 and 32 kHz has 

some classification performance, although it still makes mistakes. This region corresponds to 

the bandwidth of the neuron, i.e. frequencies where tones evoke action potentials. Outside of 

this region, nearly all tone presentations were predicted to belong to a single template class. 

The reason is that tones outside of the neuron’s receptive field do no evoke action potentials, 

and all of the trials without action potentials have a minimum distance to the same template, in 

this case ~3 kHz. For tones 40 to 50 dB above threshold (Figure 7a bottom), the region with 

successful classification performance is larger than near threshold. The reason this region is 

larger is because bandwidths are wider 40 dB above threshold than near threshold (Figure 5), 

and as a result, tones at more frequencies evoke firing. Increasing the bandwidth does not 

necessarily imply that classifier performance will increase. Many of the lighter colored squares 

in the example are one step away from the diagonal (Figure 7a bottom). These values off of the 

diagonal indicate that confusion occurs between adjacent frequency templates. Responding to 

more tone frequencies creates additional opportunities for confusion between similar non-empty 

spike trains. Therefore, while bandwidth limits performance by decreasing the number of 

frequencies that evoke action potentials, increasing the bandwidth does not necessarily 

increase classifier performance.  

Given that there is an interaction between SNR and stimulus level for bandwidth effects (Figure 

5), we expect to observe a similar interaction for spike train discriminability. The interaction can 
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be evaluated by looking at the population average confusion matrices (Figure 7b). In the 

SNR+∞dB and SNR+43dB conditions (far left columns), increasing the tone level (i.e. moving from 

the top row to the bottom) increases the strength of values along the diagonal (i.e. they become 

brighter). In the SNR+13dB or SNR+3dB conditions (far right columns) by contrast, increasing 

the joint tone and noise levels (switching rows) does not increase values along the diagonal. To 

quantify the classifier performance, we calculated the average percent correct from the values 

along the diagonals across sites for each SNR and levels above threshold (Figure 7c). As with 

the effects of noise on bandwidth and firing rate, the classification performance depended on 

the SNR, the stimulus level, and their interaction (two-way ANOVA: main effect of intensity 

above threshold: F(2,1427) = 13.64, p < 0.001, main effect of SNR: F(5,1427) = 30.20, p < 

0.001, interaction term: F(10,1427) = 5.88, p < 0.001). As the SNR decreases, the slopes of the 

percent correct versus intensity functions decrease from positive values to zero or below (Figure 

7d, r = -0.30, n = 564, p < 0.001). Spike train information about tone frequency available to a 

classifier is not robust to noise at high levels even when the SNR is fixed. 
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Figure 7. A. Confusion matrices for frequency classification for an example site in the SNR+∞dB 

condition at 0-10 dB above threshold (top) and 40-50 dB above threshold (bottom, grey 

background). Lighter colors indicate a higher proportion of spike trains from that actual 

frequency block (column) were classified as a given frequency block (row). Proportions defined 

by colorbar at right. B. Population average confusion matrices across SNR conditions for the 

same levels as A. C. Average percent correct classification across intensity levels relative to 

threshold and SNR conditions. Dashed line indicates chance performance. Black lines above 

the bars from each SNR condition correspond to the average slope values from D. D. 

Population average slopes of bandwidth by intensity above threshold for each SNR condition. 

Light grey lines are the individual slopes of each site across SNRs. Black dots correspond to the 

mean slope in each SNR. Black line is the regression line through those dots across sites and 

SNRs. 

For fixed SNRs, SNR delays onset responses independent of tone level. 

The preceding analysis of bandwidth and firing rate averaged responses over a 50 ms window; 

to quantify how firing patterns changed over time instead, we generated peri-stimulus time 

histograms (PSTHs) from tones within 0.5 octaves of CF at 0-40 dB above threshold across 

SNRs. Examples are shown in Figure 8a,b. In the first example (Figure 8a), the PSTH heights 

near threshold (top) vary without clear pattern, but the timing shows a clear pattern. As the SNR 

decreases (lighter colors), the curves shift later in time. 40 dB above threshold (bottom), PSTH 

height is reduced as the SNR decreases. The same pattern occurs in response timing as for 

tones near threshold. The curves shift later in time. These patterns repeat for a second example 

(Figure 8b) and across the population (Figure 8c). 

We already established that the average firing rate in the 50 ms response window depended on 

the SNR, stimulus level, and their interaction (Fig 3). In agreement with this finding, PSTH peak 
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response rates also depended on the SNR, stimulus level, and their interaction (two-way 

ANOVA: main effect of intensity above threshold: F(4,2587) = 9.11, p < 0.001, main effect of 

SNR: F(5,2587) = 42.48, p < 0.001, interaction term: F(20,2587) = 6.03, p <0.001). Again, 

response magnitude at threshold did not change with SNR (one-way ANOVA, F(5,548) = 1.16, 

p = 0.33). Even when holding the SNR constant, PSTH peak height depended on the joint 

signal and noise levels. 

In contrast, the effect of SNR on half-height response onset latencies was separable from the 

stimulus level. This is evident from the population average latencies for different stimulus levels 

and SNRs (Figure 8d). Within each SNR, the relationships between bars are the same, i.e. 

increasing the tone and noise levels decreases the latency. The effect of decreasing the SNR 

simply shifts the entire group of bars to longer latencies. The effects of SNR and stimulus level 

are therefore both significant, but the interaction between them is not (two-way ANOVA: main 

effect of SNR: F(5,2570) = 40.73, p < 0.001, main effect of dB above threshold: F(4,2570) = 

52.98, p < 0.001, interaction term: F(20,2570) = 1.24, p = 0.21). Unlike other parameters we 

studied, the slopes of the latency versus intensity functions did not change linearly with the SNR 

(Figure 9e, r = 0.012, n = 541, p = 0.78). The ANOVA interaction term and stability of slopes 

indicate the effects of stimulus intensity and SNR on response latency were separable. 

Even though there was no change in the firing rate at intensities near threshold (Figure 3f, left 

bars in each group), as the SNR decreased, onset latencies were delayed relative to the no-

noise condition (Figure 8d left bars in each group). The effects of noise on response latency are 

therefore not correlated with the effects on firing rate. 

The separable effects of stimulus intensity and SNR on response latency are different from a 

threshold shift. A threshold shift model predicts a significant interaction term when noise 
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increases thresholds, which “flattens” responses arranged by stimulus level (Figure 4a), but we 

observed no interaction for the effects of SNR and stimulus level on response latency. 

As before, we ask what the independent effect of SNR on response latency implies for the 

latency of an average example neuron with a threshold of 30 dB (Figure 3e)? Regardless of the 

amplitude of the tone, decreasing the SNR increases the response latency. This effect occurs 

even when the level of the noise is far below the neuron’s threshold. For tones at threshold in 

SNR+43dB noise, the noise level is -13 dB SPL, but the response latency still increases. Because 

negative SPLs are far below the thresholds for the cortex (Figure 3e), the effect of SNR on 

response latency may be a long-term adaptive change.  
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Figure 8. A. Smoothed PSTHs across SNRs (colored as in D and listed at right) for an example 

site at threshold (top) or 40 dB above threshold (bottom). The black waveform above the PSTH 

indicates the tone presentation period. B. Another example site, as in A. C. Population average 

PSTHs across SNRs. D. Population half-height onset latencies by stimulus intensity above 

threshold and SNR condition. Black line above the bars from each SNR condition corresponds 

to the average slope from E. E. Population average slopes of onset latencies by intensity above 

threshold for each SNR condition. Light grey lines are the individual slopes of each site across 

SNRs. Black dots indicate the mean slope in each SNR condition. Black line is the regression 

line through those dots across sites and SNRs. 
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For fixed SNRs, noise drives steady-state firing above 30 dB SPL but SNR also 

modulates steady-state firing across trials. 

Similar to the results for response latency, we observed no interaction between SNR and level 

for changes in steady-state firing rates. The population firing rates in the interval 50-40 ms 

before the tone were no different from firing rates 10-0 ms before the tone (Figure 9a, paired t-

test, mean difference = -0.0071 +- 0.14, n = 619, p = 0.96). Because the responses in this 

period are stable, we describe them as steady-state to distinguish them from onset responses to 

the change in noise level.  For the noiseless condition, the steady-state firing rate is the site’s 

spontaneous firing rate. 

Despite steady-state responses being stable over the pre-stimulus window, the average steady-

state firing rate changed across SNR conditions for fixed noise levels (Figure 9b, for a fixed 

noise level of 32dB). High SNR conditions had steady-state firing rates ~50% higher than the no 

noise condition, but this effect was greatly reduced at lower SNRs. Changing the SNR also 

changes the steady-state firing rate for other fixed noise levels (Figure 9c). In addition to an 

effect of SNR, steady-state activity was elevated ~5 Hz for noise levels 32 dB and above across 

all SNR conditions. The effects of SNR and noise level did not have a significant interaction. (2-

way ANOVA from 22 to 42 dB noise, main effect of noise level: F(2,1830) = 6.99, p < 0.001, 

main effect of SNR: F(5, 1830) = 12.09, p < 0.001, interaction: F(10,1830) = 0.86, p = 0.86).  

Because the interaction was not significant, there may be two additive mechanisms involved 

here. On each trial, noise levels at and above 32 dB SPL may drive some steady-state activity. 

This would explain why the lines are higher in the right half of Figure 9c. Across trials, long-term 

adaption to the SNR condition may modulate steady-state activity such that the same noise 

level evokes different steady-state firing rates. This explains why the different colored lines shift 

vertically in Figure 9c. For 12 dB SPL noise, the steady-state firing rates were greater than 
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spontaneous rates at high SNRs (e.g. SNR+43dB) but less than spontaneous rates at low SNRs 

(e.g. SNR+13dB). Adaptation across trials can also explain why the steady-state firing rate for -28 

dB SPL noise is elevated above the spontaneous firing rate despite cortical neurons having 

thresholds at positive dB SPL (Fig. 9c). If neurons adapt to the average stimulus level over 

durations longer than a single trial, the steady-state firing rate reflects the level of preceding 

stimuli as well as the current stimulus (Fairhall et al., 2001; Dean et al., 2005).  

The noise-induced changes in steady-state firing rates should have had no substantial effect on 

any of the preceding results for tone responses because both the average steady-state activity 

and changes in steady-state activity with SNR where small relative to the changes in tone-

evoked responses. The largest difference between steady-state firing rates within an SNR 

condition was ~6.5 Hz (Figure 9c), and the largest change in CF tone-evoked firing rates within 

an SNR condition was ~38 Hz (from Figure 3f, compared in Figure 9d). As the changes in tone-

evoked firing rates were >500% of the changes in steady-state firing rates, the changes in 

steady-state firing rates cannot explain the changes in tone-evoked firing rates.  
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Figure 9. A. Population average PSTHs in the 50 ms preceding tone onset are stable but vary in 

level across SNR conditions. SNRs colored after the bars in B and listed at right. B. Mean 

steady-state firing rates at for 32 dB noise across SNR conditions. C. Mean steady-state firing 

rates across intensities and SNR conditions. Dashed line indicates spontaneous firing rate in the 

no noise condition. Panel B is a vertical slice from this plot at 32 dB. D. Bars of largest 

difference within an SNR condition for steady-state firing rates compared to largest difference 

within an SNR condition for CF tone-evoked firing rates (Figure 3f).  

As stimulus intensity increases, fixed SNR noise more prominently decreases human 

psychophysical speech reception. 

To complement the neurophysiological observations of level-dependent FRA changes for fixed 

SNRs in rats, we performed psychophysical experiments in humans on a related task: the 
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Freiburg Monosyllabic Speech test presented with fixed SNRs at multiple joint speech and noise 

levels for 20 subjects with normal audiograms (Fig 10a). For 60 dB speech, the SNR+10dB and 

SNR-10dB conditions have 50 and 70 dB SPL noise respectively. This range of noise levels 

encompasses the noise levels that have previously been reported to degrade speech reception 

(French and Steinberg, 1947).  This speech task is challenging, and performance depended on 

stimulus intensity level even in the SNR+10dB condition: increasing the stimulus level from 40 

to 60 dB improved performance ~20% (Figure 10a, black bars). However, as the SNR 

decreased to -5 dB, increasing the stimulus intensity above 40 dB increased performance by 

only ~5% (Figure 10a, light brown bars). Because performance was at chance levels (0%) for all 

stimulus levels in the SNR-10dB condition, these values were not included in subsequent analysis. 

Because the performance improvements visible at positive SNRs are not maintained as the 

SNR decreases, human speech receptivity is not robust to noise at the same SNR when the 

joint speech and noise levels increase. 

Similar to results for the firing rates to CF tones, bandwidths, and spike train classification 

performance for tone frequency, human psychophysical performance was dependent on 

stimulus level, SNR, and their interaction (Figure 10a, two-way ANOVA, main effect of stimulus 

intensity: F(2,1427) = 13.64, p < 0.001, main effect of SNR: F(5,1427) = 30.20, p < 0.001, 

interaction term: F(10,1427) = 5.88, p < 0.001). Increasing the amplitude of the signal improved 

performance at high SNRs, but not at low SNRs. As the SNR decreased, the slopes of the 

percent correct versus intensity functions decreased (Figure 10b, r = -0.72, n = 100, p < 0.001). 

Despite the differences in species, stimulus choice, SNR range, subject species, and number of 

neurons available to the system to perform the task, human psychophysics also reveals an that 

the effects of SNR are not separable from stimulus amplitude. Increasing stimulus amplitude 

increases speech receptivity when the SNR is high but provides little benefit when the SNR is 

low. 
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Figure 10. A. Population percent correct by speech level and SNR condition. Black line above 

the bars from each SNR condition corresponds to the average slope from B. B. Population 

average slopes of percent correct by speech level for each SNR condition. Light grey lines are 

the individual slopes of each subject across SNRs. Black dots are the average slope in each 

SNR condition. Black line is the regression line across subjects and SNRs. 

Discussion: 

Previous human psychophysical studies demonstrated that increasing noise levels non-linearly 

degrades speech reception (French and Steinberg, 1947; Pollack and Pickett, 1958; Studebaker 

et al., 1999; Dubno et al., 2005). The minimum intelligible SNR increases as stimulus levels 

increase. Using multiunit recordings from anesthetized rat A1, we identified interactions 

between the stimulus level and SNR that may be neural correlates of this effect.  

The interactions between stimulus level and SNR mean the effects of these variables are not 

separable. The consequences of decreasing the SNR vary by stimulus level. For a given 

stimulus level, decreasing the SNR increases the noise level. When the tone level was 40 dB 

above a site’s threshold, decreasing the SNR, by increasing the noise level, decreased firing 
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rates (Figure 3), narrowed bandwidths (Figure 5), and decreased spike train classification 

performance (Figure 7). In contrast, when the tone level was near threshold, changing the SNR 

did not affect any of these metrics. These findings indicate that noise is generally more 

suppressive at higher intensities, which matches findings from human psychophysics. 

In contrast to changes in tone-evoked firing rates, bandwidths, and spike train classification 

performance, the changes in response onset latency and steady-state firing rates were 

separable with respect to stimulus level and SNR. The effects of stimulus level can easily be 

interpreted as a direct response to the tone or noise level respectively. Higher tone levels 

produce shorter latency responses, and noise levels at or above 32 dB drove some steady-state 

activity. Changes dependent on the SNR could reflect changes in the statistics of inputs from 

subcortical structures (Costalupes et al., 1984; Gibson et al., 1985), adaptive changes in the 

cortex or subcortically (Fairhall et al., 2001; Barbour and Wang, 2003; Kvale and Schreiner, 

2004; Dean et al., 2005; Ringach and Malone, 2007; Rabinowitz et al., 2011), or some 

combination of effects (Rabinowitz et al., 2013).  

All of the effects on neural activity we observed were distinct from linear shifts (Phillips, 1985, 

1990; Phillips and Cynader, 1985; Phillips and Hall, 1986; Liang et al., 2014), which predict a 

particular type of interaction between SNR and stimulus level that “flattens” the response as 

stimulus level increases (Figure 4). However, the interactions for firing rates evoked by CF 

tones and bandwidths were stronger than 1:1 threshold shifts (fig 3, 4, 5). Although onset 

latencies and steady-state firing rates do not appear to have been evaluated under the 1:1 

threshold shift model previously, the changes for onset latencies and steady-state firing rates 

differed from a 1:1 threshold shift in another way because there was no interaction between 

SNR and stimulus level (fig 8, 9).  
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Two differences between previous studies and our present study could explain why we observe 

stronger suppression than previously reported. The less likely explanation is that our noise 

levels changed between trials rather than remaining constant as in previous experiments. 

Variability in average sound level could produce a different adaptive state than constant noise. 

Although sufficient time occurred between trials for steady-state firing to stabilize on each trial, 

long-term adaptation lead to different steady-state levels. Nevertheless, the adaptation we 

observed produced both small increases and decreases in steady-state firing rates. The small 

magnitude and sign variability are at odds with the large, consistent suppression of tone evoked 

firing at high noise levels. The small, long-term adaptive changes to SNR condition are therefore 

unlikely to explain the large suppression of tone evoked firing. The more likely explanation is 

that the instantaneous SNR actually produces suppression that is stronger than 1:1, but in 

previous studies, the stronger suppression was not detected because a limited range of noise 

levels were used. We tested noise levels between -28 and 82 dB SPL compared to noise levels 

in previous studies that were mostly below 50 dB  (Phillips, 1985, 1990; Phillips and Cynader, 

1985; Phillips and Hall, 1986; Ehret and Schreiner, 2000; Liang et al., 2014). Our data deviated 

most strongly from 1:1 threshold shifts when the noise level was highest (low SNRs and high 

stimulus levels, Figures 3,4,5), suggesting that stronger suppressive effects emerge at higher 

noise levels.  This matches human psychophysical studies that demonstrated that the non-linear 

effects of noise only appear at stimulus intensities above 55 dB (French and Steinberg, 1947; 

Studebaker et al., 1999; Dubno et al., 2005). Because the previous studies predominately 

focused on noise levels less than 50 dB, the stronger effect of noise at high intensities was 

untested in those studies. 

The performance of human patients attempting to recover words from noisy speech also shows 

that the effects of stimulus amplitude and SNR are not separable (Figure 10, French and 

Steinberg, 1947; Studebaker et al., 1999; Dubno et al., 2005), but whether the neural effects of 



 

111 
 

noise we observed in rats apply to humans is unclear. Neural correlates in humans of the 

interaction between stimulus level and SNR have only limited support from EEG studies 

(Whiting et al., 1998; Baltzell and Billings, 2014). However, these studies were either not set up 

to compare SNR conditions across stimulus levels (Whiting et al., 1998) or only tested a single, 

small (15 dB) difference between signal levels (Billings et al., 2009; Baltzell and Billings, 2014). 

Despite these limitations, both groups also reported at least some differences in neural 

processing of the same SNR at different stimulus levels, but the effects were small. Rats have 

been shown to have similar performance to humans for speech-in-noise tasks (Shetake et al., 

2011), so we hope that providing a clear description of the interaction effect on neural 

responses in rodents will aid in the confirmation of neural correlates in humans. 

In our study, human performance was more robust to lower SNRs than single-site neural 

performance. This robustness is likely due to humans utilizing responses from many neurons to 

make decisions (Shetake et al., 2011). However, despite being able to utilize the outputs of 

many neurons, humans cannot completely overcome the suppressive effects of noise at higher 

intensities.  

Our data do not identify the mechanism by which noise modulates responses. Multiple 

mechanisms could be responsible because not all aspects of the response have interactions 

between stimulus level and SNR. Indeed, whether noise modulates different aspects of 

responses, such as tone-evoked firing rates and onset latencies, through the same mechanisms 

is unclear. Several potential mechanisms are plausible, including adaptive mechanisms (Fairhall 

et al., 2001; Barbour and Wang, 2003; Kvale and Schreiner, 2004; Dean et al., 2005; Ringach 

and Malone, 2007; Rabinowitz et al., 2011, 2013) and cortical processing of noise dependent 

inputs (Costalupes et al., 1984; Gibson et al., 1985; Phillips and Hall, 1986), but others are 

unlikely, for example synaptic inhibition. For synaptic inhibition to mediate the interaction 

between stimulus level and SNR, noise would need to drive the activity of inhibitory cortical 
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interneurons better than it does pyramidal neurons. At least at low intensities, inhibitory 

interneurons seem to respond to noise identically to pyramidal neurons and therefore cannot 

mediate the interaction between stimulus level and SNR (Liang et al., 2014). 

From a theoretical standpoint, why does the stimulus level interact with SNR at all? In machine 

hearing, any sound input can almost always be normalized to a fixed magnitude, so only the 

SNR should matter. The exceptions are due to limitations during stimulus acquisition. While 

auditory nerve fibers adapt to stimulus statistics to increase their effective dynamic range, 

response magnitudes decrease with adaptation and saturation can occur (Costalupes et al., 

1984; Gibson et al., 1985). The saturation of subcortical response may then be a signal 

acquisition limitation the manifests in cortex as an interaction between stimulus level and SNR. 

Although we studied the effects of noise on cortical responses in normal hearing animals, our 

results may apply more broadly. For example, stimulus level has already been demonstrated to 

interact with signal characteristics other than SNR including binaural interactions (Semple and 

Kitzes, 1993), stimulus history effects (Scholl et al., 2008), and PSTH shape (Malone et al., 

2010). Stimulus level may interact with every auditory signal characteristic. In the visual cortex, 

other sets of parameters are known to interact such as visual contrast, luminance, and motion 

(Gepshtein et al., 2013). These non-linear interactions between stimulus parameters may then 

be a hallmark of most neural processing. 
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Chapter 5 - Conclusion 

In the three chapters of this dissertation, I have shown several emergent network responses to 

perturbations observed in auditory cortex. In chapter 2, the chronic decrease of inhibitory tone 

leads to a compensatory decrease in excitatory tone over time. In chapter 3, using distinct 

inhibitory cell types to acutely increase inhibitory tone evoked indistinguishable changes in the 

network. In chapter 4, the addition of background noise led to changes in cortical firing rates, 

bandwidths, and spike train discriminability that became stronger at high noise levels even for a 

fixed signal-to-noise ratio. Each of these changes was a phenomenon caused by nonlinear 

network interactions. 

Each of these nonlinear phenomena can be interpreted as stabilizing the activity of the neural 

network. Decreasing inhibitory tone (Chapter 2) can lead to seizures because the balance of 

excitation and inhibition breaks down (Cobos et al., 2005; Howard et al., 2014). In response to a 

chronic decrease in inhibitory tone, excitatory tone decreased to compensate, which stabilizes 

the level of activity in the network (Turrigiano et al., 1998; Leslie et al., 2001; Tatavarty et al., 

2013). Activating different inhibitory cell types (Chapter 3) can evoke different forms of linear 

suppression in vitro and in silico (Vu and Krasne, 1992; Kawaguchi and Kubota, 1996, 1997, 

1998; Jadi et al., 2012). In the context of a nonlinear neural network model, the decrease in 

recurrent excitation produced by any form of linear suppression is stabilized to result in similar 

downstream activity. Adding noise to suppress cortical responses via masking (Chapter 4) 

evokes continuous firing at subcortical stations but very weak firing in cortex (Costalupes et al., 

1984; Gibson et al., 1985; Rabinowitz et al., 2013). The nonlinear interactions across the 

auditory system stabilize the firing rates of cortical neurons at low levels while partially 

preserving the ability to respond to stimuli (Bar-Yosef and Nelken, 2007; Moore et al., 2013; 

Rabinowitz et al., 2013; Schneider and Woolley, 2013). The emergent phenomena are different 

in each case, but the consistent theme is to stabilize network activity levels. 
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A few additional remarks and speculation should be provided about each chapter in the context 

of this dissertation. 

Chapter 2 was initially published in 2012 (Seybold et al., 2012). Since that time, I have been 

extremely gratified to see these ideas carried to other brain areas and hear that my results have 

been reproduced (Howard et al., 2014; Soumier and Sibille, 2014; personal communication). 

Scientists can only be confident of any finding when it is reproduced, and I am pleased that my 

work is passing that test. I will also convey how my ideas about this work have changed over 

time. In particular, the chapter does not address whether the compensatory reduction in 

excitation occurs due to the loss of the specific populations of interneurons we genetically 

ablated, SST+ and VIP+ neurons, or whether it would occur when other interneuron populations 

were ablated, PV+ neurons. I hypothesize that genetically ablating PV+ neurons will reproduce 

the effects of removing SST+ and VIP+ neurons because, as shown in chapter 3, activating 

PV+ neurons acutely produces the same network level effects as activating SST+ neurons. The 

genetics tools used in chapter 1 cannot be used to ablate PV+ interneurons (Cobos et al., 

2005), so other tools would be required. To my knowledge, this hypothesis has not yet been 

tested. 

Chapter 3 contributes to an ongoing scientific discussion about whether different populations of 

inhibitory cells provide distinct forms of linear suppression in the cortex. The exact form of 

suppression evoked in vivo when activating any population of inhibitory neurons is heavily 

dependent on the experimental protocol (Atallah et al., 2012, 2014; Lee et al., 2012, 2014; 

Wilson et al., 2012; El-Boustani and Sur, 2014; El-Boustani et al., 2014). Because the 

dependence on stimulus parameters is so strong, it suggests that activating a single population 

of inhibitory neurons does not have a fixed effect on a network. Instead, I hypothesize that the 

role of inhibitory populations changes dynamically with different types of recurrent activity. I am 

heartened by the work of scientists to reproduce each other’s findings and characterize the 
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relevant experimental details. I hope that the community’s work will result in a clear consensus 

in the future that will open up new avenues of research in nonlinear effects in networks. 

Chapter 4 was different from the two preceding chapters in that it used stimulus modification 

rather than genetic manipulation to perturb the network. As such, it has some strength and 

weaknesses. At the shallowest level, the fact that nonlinear network effects also occur during 

stimulus processing of genetically normal animals confirms this is an artifact of genetic 

manipulations, although it has been established previously (Semple and Kitzes, 1993; Scholl et 

al., 2008). Furthermore, the effects of masking for asynchronous stimuli, such as tones in 

continuous noise or tones separated in time, do not appear to be mediated by inhibitory 

interneurons (Calford and Semple, 1995; Brosch and Schreiner, 1997; Wehr and Zador, 2005). 

Therefore, nonlinear network effects can occur that are not primarily driven by inhibitory 

interneurons. Because humans must process speech signals in the presence of noise, this 

chapter is also the most readily applied to modern life: If you’re in a noisy room, you’ll be able to 

understand speech better if you put in earplugs. Chapter 3 demonstrates the neural basis for 

this effect. The primary weakness of this manipulation was that it was global, and therefore, we 

cannot distinguish between contributions from cortical and subcortical nonlinear effects. 

Nonlinear effects are known to exist throughout the auditory system and they all are likely to 

contribute to the results (Costalupes et al., 1984; Gibson et al., 1985; Rabinowitz et al., 2013). 

In a sense, this experiment showcases the nonlinear effects distributed across network stations. 

Determining the nonlinear effects at specific stations and cell populations, such as the cortex, 

remains for future work. 

An important result of this dissertation is that the predictions and interpretation of findings must 

be made in the context of networks. The two genetic techniques we used operated correctly at a 

cellular level, but both produced changes in the network that contradicted the expected acute 

effect on a single cell. As molecular tools increase the ability to perform cellular scale 
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manipulations in networks, interpreting each experiment in a network context remains critical. 

This issue is highlighted by the diversity of results and interpretations for the functional roles of 

inhibitory neuronal types when network interactions are not considered (Atallah et al., 2012, 

2014; Lee et al., 2012, 2014; Wilson et al., 2012; El-Boustani and Sur, 2014; El-Boustani et al., 

2014). Improvements in recording methods, such as larger recording arrays and Ca2+ imaging, 

can allow these network interactions to be studied directly, but taking full advantage of these 

methods requires consistent use of advanced and novel computational frameworks (Cocco et 

al., 2009; Lopes-dos-Santos et al., 2013). However, the effort required to understand these 

nonlinear network interactions will be rewarding because these interactions are the basis for all 

of our favorite emergent phenomena that define humanity, such as consciousness and speech. 

Only by understanding the interactions will we be able to understand the neuroscience of 

humanity. 
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