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Abstract 

When one asks about the properties of visual signals stimulating nervous 

systems, the ultimate interest lies in determining how the signal is encoded 

and transferred across the receptor barrier, how much and what kind of 

information is passed further to the higher visual centers and what is lost. The 

research presented in this dissertation attempts to explore quantitatively some 

detailed aspects of information processing by microvillar photoreceptors.  

Until recently, three methods were used to measure or estimate 

information transfer from the visual scene to the photoreceptor: Shannon’s 
information capacity, the closely related linear coherence rate and the 

compression entropy rate. In the first research article of this dissertation, a 

novel information calculation method based on principal component analysis, 

the mutual information rate, was developed. In the second publication, the 

influence of a physiological delay in the photoreceptor response on the 

information rate estimates by the Shannon method-related coherence rate 

algorithm was explored and a technique to compensate the associated error 

was proposed.  

The third study addresses the question of whether photoreceptors can 

more efficiently transfer information arriving from natural sources than from 

common artificial visual stimuli. Natural stimuli have interesting statistical 

properties in the form of higher order correlations (HOC), arising from the 

presence of features representing surfaces, textures, and object boundaries. 

This problem was investigated in the most extensive study to date, using 

blowfly Calliphora vicina photoreceptors as a model. The individual 

photoreceptors encode input information by a form of Weber’s law, with the 

HOC in natural sequences reducing information transfer by decreasing the 

number of local contrast events that exceed the noise-imposed threshold. 
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Abbreviations 

ССF: cross-correlation function 

CMIF: cross-mutual correlation function 

E: compression entropy rate 

fc: corner frequency 

FFT: fast Fourier transformation 

G: gain  

H: coherence rate 

HOC: higher order correlations 

IR: information rate 

LC: local contrast  

LED: Light emitting diode 

LIC: light-induced current 

LMC: lamina monopolar cell 

MI: mutual information 

NS: naturalistic stimuli 

NTSI: natural time series of intensities  

PN: pink noise 

Pxx: stimulus power spectra  

Pxy: cross spectrum between the input and the output 

Pyy: response power spectra  

r: Pearson’s correlation coefficient  

R: mutual information rate  

SNR: signal-to-noise ratio  

T: window size 

Txy: frequency response 
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TRP: transient reception potential 

WN: white noise 

γ2: coherence function 

εd: time delay bias error 

εr: random error 

τ: time delay between the input and the output 

τm: membrane time constant 

ρ: Spearman’s correlation coefficient 

Φ: phase  
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1 Introduction 

This thesis work studies several aspects of information processing in the 

visual systems of invertebrates. Specifically, it addresses questions about the 

evaluation of information transfer by conventional mathematical methods, 

and investigates fundamental relationships between the properties of stimuli 

and responses in microvillar photoreceptors.  

Analysis of information transfer in biological systems aims to 

determine how receptors and neurons encode, process and transfer 

information received from the environment. It has both quantitative and 

qualitative aspects. The former relate to the amount of information 

transmitted across a biological communications channel whose input and 

output consist of time-varying signals. The latter investigate the mechanisms 

of information coding, which often vary at different stages of information 

processing, and the factors affecting these processes.  

Neurons code information in two forms or modes, graded voltage 

signals and action potentials. Graded voltage signals and action potentials are 

conceptually similar to analogue and digital coding in electronics, 

respectively. In graded signals, information is coded in amplitude changes, 

and such signals can be relatively easily correlated with the input signal and 

their information content quantified. In contrast, coding with action potentials 

is more difficult to unravel, as information is primarily encoded by the 

intervals between action potentials. A number of codes, including correlation, 

rate, population etc. have been proposed for different neural circuits (Adrian 

and Zotterman, 1926, Averbeck et al., 2006). 

Although information coding in neurons per se is the primary focus 

of interest for any neurophysiologist striving to unravel mysteries of brain 

function, many if not the majority of principles and mechanisms of neuronal 

information processing were discovered while studying the sensory 

periphery, including receptors (Sterling, 2015). Due to their excellent 

experimental accessibility and controllability, sensory receptors such as 

mechanoreceptors and photoreceptors are traditionally used. Their inputs can 

be precisely controlled and measured while the output is recorded (Juusola 

and de Polavieja, 2003, French, 2009). Of all the sensory systems, visual 

systems are arguably the best studied.  
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In the visual and several other sensory systems, the closer a neuron is 

situated to the actual receptor periphery, the more it is likely to use graded 

voltage signals and less action potentials for its communication. 

Photoreceptors of both vertebrates and invertebrates transmit information 

almost exclusively by using graded signals. The second-order neurons, 

bipolar cells in vertebrates and lamina monopolar cells (LMCs) in insects, 

and the associated horizontal and amacrine cells, respectively, use both 

graded signals and action potentials or action-potential-like events, “spikes”, 
with an emphasis on the former (Rusanen et al., 2017, Rusanen et al., 2018). 

At the next stage, the ganglion and amacrine cells in the vertebrate retina, and 

the medullary neurons in invertebrates rely mainly on action potentials, 

although graded voltage signals are also found (DeVoe and Ockleford, 1976, 

Wu, 2010) .  

Importantly, although information between neurons in the central 

nervous system (CNS) is communicated predominantly by action potentials, 

within each neuron extensive computation takes place based on graded 

voltage signals, particularly the graded signals representing the synaptic input 

in the dendritic terminals. An average neuron has about 10,000 synaptic 

connections to other neurons, both excitatory and inhibitory. Even if only a 

small fraction of these synapses generate depolarizing inputs at each given 

moment of time, this constitutes a massive amount of continuous spatial-

temporal summation. When total momentary depolarization in the soma of 

the neuron exceeds a certain dynamic threshold, an action potential or a series 

of action potentials is triggered. These action potentials propagate to the 

presynaptic terminal where they are translated once again into graded 

depolarizations by voltage-activated Ca2+ channels and then into a series of 

neurotransmitter vesicle release events.  

Because of the importance of graded voltage signaling, microvillar 

photoreceptors of invertebrates serve as excellent model cellular systems to 

study general principles of neuronal computation by graded signals. The 

rhabdomere compartment of the microvillar photoreceptor consists of tens of 

thousands of microvilli, each capable of generating a depolarizing “quantum 
bump”, an elementary signaling event. Thus, the microvillus can be 

considered analogous to an excitatory synapse, and the complete rhabdomere 
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to the dendritic tree with all its synapses. By varying the light stimulus from 

an almost invisible millisecond-long flash to prolonged contrast-modulated 

stimulation, the experimenter has full power over the input to this model 

neuron.  

The research included here was conducted on photoreceptors of flies 

and other insect species. The first two studies contribute to the field of 

biological signal analysis by developing new methods for estimating the 

information content of electrical responses of photoreceptors to stimulation 

by light (publication I), and by investigating the complex effects of the 

response delay on estimates of information rate (publication II). The last and 

central study of this dissertation (publication III) was driven by the question 

of whether the receptors are evolutionarily optimized to extract more 

information from natural visual signals than from common artificial signals 

lacking a crucial aspect of natural stimuli – their ordered phase. This question 

has a long history and has been addressed directly or indirectly in many 

studies over the course of last twenty years, with inconclusive results. Our 

investigation of this problem is the most extensive to date and we found no 

evidence that photoreceptors show any preferential processing bias toward 

naturalistic signals. Instead they seem to work as reliable contrast detectors. 

Even more importantly, we believe that we have found a rational way to 

calculate the physiological threshold of signal detection, in accordance with 

Weber’s law, for individual photoreceptors. 
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2 Review of the literature 

The following review consists of a general introduction to information 

processing in the invertebrate eye (sections 2.1-4) and a more specialized 

background to the research questions investigated in this dissertation 

(sections 2.5-7). This review is not comprehensive and covers only the topics 

essential for understanding the research performed. 

 

2.1 Visual processing in vertebrates and invertebrates 

Despite the enormous variability in evolutionary lineages and morphology, 

visual systems across the animal kingdom have many common structural and 

functional features. Figure 1 schematically compares the morphological and 

functional organizations of visual systems in invertebrates and vertebrates. In 

insects, such as Drosophila melanogaster, the peripheral visual system 

includes the retina, lamina, and medulla. In vertebrates, neurons are found in 

the retina, where three consecutive neuronal layers, the photoreceptors, 

bipolar and ganglion cells are analogous to the retina, lamina and medulla of 

invertebrates, respectively.  

 Figure 1. Early stages of visual processing. Similar steps in organization of 
vertebrate and invertebrate visual systems.  
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The central aspects of the visual system in flies are represented by the 

lobula complex, which consists of the lobula and lobula plate, and the 

photocerebrum. Their equivalents in vertebrates are correspondingly (i) the 

lateral geniculate nucleus in the thalamus, superior colliculus and the primary 

visual cortex in mammals, and (ii) the optic tectum and dorsal thalamus in 

lower vertebrates (Sanes and Zipursky, 2010, Joly et al., 2016).  

The processing of information is essentially similar in the analogous 

structures of vertebrates and invertebrates, although specific cellular 

mechanisms and complexities of connections vary. The compound eyes of 

invertebrates usually have microvillar photoreceptors, whereas vertebrate 

retinas contain ciliary photoreceptors. Correspondingly, phototransduction 

cascades rely on G-proteins at the initial stage but differ in their final effects: 

the cascade culminates in opening of depolarizing channels of the TRP family 

in invertebrates but closing of depolarizing cation channels in vertebrates.  

The second-order visual neurons or first-order interneurons are the 

lamina monopolar cells (LMCs) in invertebrates and the bipolar cells in 

vertebrates. Although LMCs differ in their connections and the character of 

responses, with some subtypes relying more on graded voltage signals than 

others, these differences are less pronounced than the differences between the 

classes of bipolar cells in vertebrates. Due to the antagonistic center-surround 

information processing organization found in the mammalian eye, bipolar 

cells can be separated into ON- and OFF- bipolar cells, which are 

characterized by distinct postsynaptic receptors and respond only to light 

contrast increments or decrements, respectively. However, the behavior of 

LMCs and OFF-bipolar cells is quite similar, as both respond to light 

stimulation with hyperpolarizing graded potentials (Freifeld et al., 2013, 

Clark and Demb, 2016). In both systems, signals transmitted through the first 

stages of visual processing are modified by lateral inhibition at multiple levels 

(Clark and Demb, 2016).  

The behavior of third-order neurons is even more similar as both the 

transmedullary cells of invertebrates and the ganglion cells of vertebrates 

encode information using action potentials. 

These morphological and functional similarities between vertebrates 

and invertebrates, together with the superior experimental accessibility and 
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longevity of the compound eye preparation, provide opportunities to learn 

about the general mechanisms of visual functioning in vertebrates by using 

invertebrate species as model organisms.   

    

2.2 Compound eye and microvillar photoreceptor 

Insects sense the world using several types of sensory receptors, which are 

either organized into highly complex organs, such as the compound eye, or 

distributed over the body surface, such as various mechanoreceptors (French, 

2009). The compound eye is the principal organ of vision responsible for 

detection of the intensity, motion, wavelength (colour) and polarization plane 

of light. Depending on the degree of reliance of the animal on vision, the 

compound eye may contain from tens to tens of thousands of facets. Each 

facet contains a complex multi-cellular structure called the ommatidium. An 

image perceived by the compound eye is a combination of inputs from 

ommatidia located on a convex surface and oriented to receive light from 

different directions.  

Figure 2. The compound eye. Structure of the apposition compound eye. The 

corneal facet lens focuses the light through the crystalline cone onto the rhabdom 

that absorbs the light and transduces it into an electrical signal. The surrounding 

pigment cells shield the ommatidium.  
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An ommatidium is an elementary sensory unit of the eye and consists 

of a cluster of photoreceptors surrounded by several types of glial (including 

pigment) cells, with the cornea and crystalline cone at the distal end (Fig. 2). 

Each photoreceptor consists of the soma, the microvillar array and the axon. 

The microvillar array is a brush-like membrane structure called the 

rhabdomere and formed by a large number of usually closely-spaced 

microvilli. Each microvillus is a tubular membrane extrusion, packed with 

the light-sensitive pigment rhodopsin essential for activation of the visual 

phototransduction pathway and light-activated channels. In insects, the 

diameter of the microvillus varies from 60 to 70 nm, and has a length between 

0.5 and 10 µm (Nilsson and Kelber, 2007).   

Rhabdomeres within the ommatidium are oriented toward each other 

and form a transparent rhabdom, with the distance between the microvillar 

arrays determining two main architectures of the ommatidium. In the open 

rhabdom structure, rhabdomeres are separated, and each can serve as an 

independent sensing unit. In the fused rhabdom structure, rhabdomeres are 

tightly interlocked without noticeable space between them. Rhabdomeres in 

the fused rhabdom can either be arranged in two tiers or span the entire length 

from the basal membrane to the crystalline cone, or have a mixed structure. 

In such a system, the fused microvillar arrays form a transparent waveguide 

surrounded by light-scattering shield of pigment granules (Snyder et al., 

1973). In the open rhabdom of flies, there are usually six photoreceptors 

situated at the periphery of the ommatidium and spanning its entire length, 

and two central photoreceptors with partly fused rhabdomers arranged in two 

tiers. 

There are three main types of compound eyes: apposition, 

superposition and neural superposition eyes (Borst, 2009). The majority of 

insects possess the apposition eye characterized by optical isolation of 

rhabdoms from each other with pigment granules inside and pigment cells 

outside of photoreceptors. The superposition eye consists of optically-

coupled ommatidia. Such architecture is associated with improved photon 

detection in dim light. True flies have neural superposition eyes where 

ommatidia are optically isolated but photoreceptor axons originating from 

neighboring facets connect in the lamina in such a way that signals from 
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photoreceptors pointing to the same region in space are summed (Kirschfeld, 

1967, Warrant and Nilsson, 2006, Agi et al., 2014).  

 

2.3. Phototransduction in microvillar photoreceptors 

In insects, conversion of the energy of a photon of light into the energy of 

membrane potential change is initiated by absorption of a photon by a 

molecule of visual pigment located in the microvillus (Fig. 3). Visual pigment 

is a chromoprotein rhodopsin consisting of the plasma membrane-spanning 

apoprotein opsin and the light-sensitive chromophore retinal. The large 

variety of visual pigments found in the nature is based on variations in the 

structure of the opsin, which modify the spectral sensitivity of the 

chromophore.  

Rhodopsin is associated with a heterotrimeric G-protein and together 

they form a G-protein coupled receptor. Phototransduction in invertebrates is 

best studied in Drosophila melanogaster (Smith et al., 1991, Montell, 1999, 

Hardie, 2001, Hardie and Raghu, 2001). It is triggered by absorption of a 

photon by the chromophore isomerizing the retinal from the 11-cis to all-

trans conformation and transforming the rhodopsin into metarhodopsin (Fig. 

3). Metarhodopsin binds to G-protein, which releases the bound GDP, binds 

GTP, and dissociates onto α (Gα) and βγ (Gβγ) subunits. Light-activated 

Figure 3. Schematic depiction of the phototransduction cascade in microvillar 

photoreceptors. Photoisomerization of rhodopsin (R) to metarhodopsin (M*) 

activates G-protein, triggering dissociation of Gα from Gβγ (in the process, Gα 
releases GDP and binds GTP).  Gα activates PLC, which breaks membrane-bound 

PIP2 onto soluble IP3 and membrane-bound DAG. DAG or one of its metabolites 

open TRP/TRPL channels, which then depolarize the photoreceptor.   
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rhodopsin can activate hundreds of G-proteins complexes and amplifies the 

signal already at this stage. In turn, each activated G-protein α-subunit can 

activate one phospholipase C (PLC), which consequently hydrolyses 

membrane-associated phosphatidylinositol 4,5-bisphosphate (PIP2) onto a 

membrane-bound diacylglycerol (DAG) and water-soluble inositol 1,4,5-

triphosphate (IP3). It is currently thought that either the DAG or one of its 

metabolites interacts with and opens light-controlled cationic channels of the 

transient reception potential (TRP) family located in the microvillus 

membrane.  

The resulting inward light-induced current (LIC) of Na+ and Ca2+ 

depolarizes the photoreceptor membrane (Niemeyer et al., 1996). In D. 

melanogaster, activation of a single microvillus is thought to open about 15 

TRP and TRPL (TRP-like) channels, with TRP channels being predominant. 

The transient current is called a current quantum bump, and constitutes the 

elementary electrical response of the photoreceptor (Henderson et al., 2000).  

In voltage-clamp experiments, the onset of a quantum bump evoked 

by a flash of light is always delayed. This time delay is called the dead-time 

or the latency of phototransduction and depends on the adaptation state of the 

photoreceptor (see section 2.6). After the termination of the bump, a 

microvillus enters a refractory period lasting in D. melanogaster about 100 

ms.  

 

2.4 Signal processing in the photoreceptor membrane  

In dim light, prolonged stimulation results in a series of quantum bumps. 

However, when a photoreceptor is stimulated with a continuous relatively 

bright intensity-modulated sequence in a voltage-clamp experiment, the 

quantum bumps generated by different microvilli sum up in the soma to form 

a macroscopic LIC. The amplitude and the properties of the resulting graded 

response in the frequency domain change with light adaptation, since the size 

of quantum bumps depends on the intensity of light. 

However, light responses in vivo are not constrained by the constant 

holding voltage as in the voltage-clamp experiments. In vivo, photoreceptors 

generate a voltage response, which is a non-linear dynamic function of LIC. 
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The non-linearity is determined by two parameters, the reversal potential for 

the LIC and low-pass filtering by the membrane. The reversal potential for 

LIC is around +10 mV so that the LIC driving force, i.e. the difference 

between the membrane potential and reversal potential, decreases with 

membrane depolarization, restricting the voltage range of photoreceptor 

responses. This mechanism is called voltage shunting, and, together with 

adaptive bump size reduction, it restricts the extent of membrane 

depolarization as light intensity increases. In contrast to low-pass filtering, 

voltage shunting does not cause information loss. 

Low-pass filtering is an inherent property of cell membranes, which 

can be modelled by capacitance Cm and resistance Rm connected in parallel. 

The product of membrane capacitance and membrane resistance is the 

membrane time constant: τm = Cm ·Rm. It determines the speed of membrane 

voltage changes: the larger the combination of membrane capacitance and 

resistance, the slower the change. Membrane time constant limits the transfer 

of higher signal frequencies by setting the membrane corner frequency: fc = 

1/(2πτm). However, because membrane resistance is voltage-dependent and 

mainly determined by sustained voltage-activated K+ conductances 

expressed in the membrane, photoreceptors can to a certain degree reduce the 

extent of low-pass filtering via membrane depolarization. 

There are two other general approaches to reducing the filtering and 

information loss due to it. The first is the expression of a high leak 

conductance that provides low input resistance at the resting potential. This 

strategy is used by diurnal fast-flying and highly visual species such as 

blowflies. The second is to develop modulating mechanisms such as the 

regulation of the activation voltage ranges of K+ conductances by serotonin 

in the fruitfly and locust (Cuttle et al., 1995, Hevers and Hardie, 1995, Heras 

et al., 2018). 

 

2.5 Evaluation of information transfer in biological systems  

When one asks about the properties of signals stimulating nervous systems, 

the ultimate interest lies in determining how the signal is encoded and 

transferred across the receptor barrier, how much and what kind of 
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information is passed further to the higher visual centers and what is lost. As 

the performance of the entire sensory system is inherently limited by the 

sensitivity and information-carrying capacity of its most peripheral 

components, it is not surprising that so much research has focused on 

developing computation methods to evaluate information transfer in 

receptors.  

 Currently, three methods are routinely used to evaluate information 

transfer from the visual scene to graded voltage signals of the photoreceptor: 

Shannon’s information capacity, the coherence rate, and the compression 

entropy rate (see mathematical expressions in Methods, equations 4, 5 and 

7). These methods differ in their assumptions and computation algorithms. 

For instance, the first two methods evaluate the different degree of 

concordance: between the stimulus and response (the coherence rate) and 

between repetitions of responses (Shannon’s information capacity), whereas 

compression entropy measures redundancy in a string of symbols.  

The classical Shannon’s information capacity evaluates the amount of 
information in the response of a linear system to a stimulus characterized by 

a Gaussian distribution of amplitudes (Shannon, 1948). The basis of 

computation is obtaining the signal-to-noise ratio (SNR). It can be done by 

repeated stimulation with the same stimulus multiple times followed by 

averaging of responses. The accuracy of the derived signal estimate increases 

as a square root of the number of repetitions. The noise estimates are then 

obtained by subtracting the averaged signal from each individual response 

trace. The SNR is then calculated in the frequency domain by dividing the 

spectrum of the signal with the averaged spectrum of noise traces. Although 

photoreceptor responses are intrinsically non-linear, this method is widely 

used in the studies of information content of graded responses (Juusola and 

French, 1997, Juusola and Hardie, 2001, van Hateren and Snippe, 2001, 

Faivre and Juusola, 2008, French, 2009). 

The coherence rate is a generalization of the Shannon’s method. For 

non-linear systems, the coherence rate is an approximation of the information 

rate measure, which converges with the Shannon information capacity when 

the stimulus and the response noise are Gaussian. As the coherence will be 

reduced by any nonlinearity, the coherence rate will be smaller than the true 
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information rate of nonlinear systems (van Hateren and Snippe, 2001, Bendat 

and Piersol, 2010, Takalo et al., 2011). The coherence rate is particularly 

useful when obtaining multiple repeated responses is problematic. For 

instance, studies of the role of stimulus phase in information processing 

usually require tens of thousands of data points both in stimulus and response 

for reliable phase spectrum estimation. However, simply increasing the 

sampling rate of data acquisition beyond that warranted by membrane 

response speed is not instrumental, instead requiring an increase in the actual 

stimulus duration. As only exceptional receptor cells can sustain tens of 

repetitions of stimulation with a prolonged stimulus, such an approach is 

usually not practical. 

Compression entropy calculates the minimum entropy needed to 

restore the original sequence of numbers representing momentary signal 

amplitudes from the compressed sequence (French and Pfeiffer, 2011). It 

does not require the presence of both input and output signals. Compression 

takes place by eliminating redundancy, which represents high-order 

correlations (HOC, see section 2.7) in the time domain. Thus, natural 

sequences with high HOC content are compressed strongly, in contrast to 

noise sequences, which contain no HOC and are almost incompressible. This 

is a crucial distinction from the other estimators of information, which discard 

phase information and do not measure temporal redundancy. Compression 

entropy is a noiseless estimator. When used to evaluate receptor responses, it 

interprets the noise contained therein as information thus overestimating 

information transfer. Other limitations of the compression entropy are 

discussed in the Discussion. 

As described above, the Shannon information capacity is based on 

assumptions of the system’s linearity and the Gaussian statistics of the 

stimulus, whereas compression entropy does not evaluate the input-output 

relationship. In an attempt to develop a method that would circumvent the 

assumptions of the Shannon-based computation algorithms while still taking 

into the account both the input and output, our group designed a new 

information rate estimator (the Kraskov-Takalo method). This is the topic of 

the first research article.  
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2.6 Time delay in the visual system 

An inherent property of signal detection systems, whether they are inorganic 

products of technology or organic and biological, is their reaction speed, 

which is determined by the time delay between the input stimulus and the 

output response. In technological sensors, the time delay can be of the order 

of microseconds or smaller. However, in biological sensors, the time delay is 

considerably longer because the stimulus transformation into the response 

often involves amplifying enzymatic signal transduction cascades. A notable 

exception to this rule is the mechanical transduction in the inner hair cells of 

the auditory organs characterized by extremely fast, sub-millisecond 

transduction owing to direct opening of transduction channels by the 

propagating sound wave (Corey and Hudspeth, 1979, 1983, Gillespie and 

Muller, 2009).  

The speed of visual information processing in the photoreceptor is an 

important factor in determining the reaction speed of the entire visual system 

and thus limits the visual-motor response time. In the photoreceptor, the time 

delay between the onset of light and start of membrane depolarization 

consists of two sequential components, the delay of phototransduction (also 

known as latency or dead-time, see section 2.3), and the delay caused by the 

finite speed of membrane charging described by the membrane time constant 

τ = Rm·Cm, where Rm is the instantaneous membrane resistance and Cm 

capacitance. Both components decrease with light intensity. The latency of 

phototransduction decreases because in relatively bright light multiple 

photons can be nearly simultaneously absorbed by the same microvillus, 

speeding up the phototransduction by a factor of two or more. The membrane 

time constant decreases because more delayed-rectifier K+ channels open in 

the plasma membrane with increase in membrane depolarization caused by 

progressively brighter light, decreasing membrane resistance.  

The time delay causes a negative bias error in spectral estimates used 

to evaluate photoreceptor performance by lowering the true value of the 

estimated parameter. Specifically, a finite time delay causes the cross-spectral 
density function to oscillate around the mean in a frequency-dependent 
manner, and the greater the time delay, the longer the period of the oscillation 
(Seybert and Hamilton, 1978). The biased cross-spectrum introduces an error 
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into the frequency response and coherence functions, and, consequently, into 
the Shannon theory-derived information rate estimates based on the power 
spectrum function. This time delay bias error is particularly important for 

systems with relatively long delays and for responses of limited duration.  

This problem was investigated in the 1970s and 1980s in relation to 

technological sensor applications (Halvorsen and Bendat, 1975, Seybert and 

Hamilton, 1978, Trethewey and Evensen, 1984, Schmidt, 1985) but was 

largely neglected in regard to biological sensory systems. Time delay bias 

error can be reduced using two approaches. First, it can in principle be 

eliminated by aligning the input with the output (Bendat, 1978, Seybert and 

Hamilton, 1978, Bendat and Piersol, 1980, Schmidt, 1985, Randall and Tech, 

1987). However, if the time delay is time- or frequency-dependent, full 

correction is not possible (Seybert and Hamilton, 1978). Secondly, the time 

delay bias error can be reduced by increasing the length of a window function 

used to calculate frequency distributions (Bendat and Piersol, 1980, Randall 

and Tech, 1987). In practice, however, because of limited duration of 

recorded responses, this would decrease the number of data segments 

available for power spectrum estimation and increase another associated 

error, the random error (Bendat, 1978, Bendat and Piersol, 2010, Brandt, 

2011). 

Altering the window function type and size, or the time delay, changes 

both the time delay bias and random errors. Importantly, the effects of these 

two errors are opposite: while the presence of the time delay error leads to 

underestimation of the true information transfer, the random error results in 

its overestimation. This provides an opportunity to develop a procedure for 

optimizing the trade-off between the errors, allowing a less biased estimation 

of neuron’s coding properties.  

Accordingly, this was attempted in the second publication of this 

dissertation. 

 

2.7 Natural visual signals 

Visual perception is the ability to interpret the surroundings using light 

reflected by the objects in the environment or the absence of light. Visual 
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information is extracted from the environment by detection of shapes, 

colours, patterns or movements using the visual system.  

How are these natural signals generated? Stabilization of the visual 

scene relative to the retina so that each photoreceptor’s input remains constant 
quickly causes a functional blindness. This blindness probably arises from 

light adaptation in the photoreceptors and lateral inhibition in the early visual 

centers. Although the photoreceptor function cannot be harmed by steady 

inputs in the physiological range of light intensities, organisms across the 

animal kingdom have evolved various mechanisms to prevent such 

stabilization, which indicates that perpetually changing retinal input is 

essential for proper functioning of the visual system. Such mechanisms 

include involuntary body and head movements, microsaccadic eye 

movements, and adaptive dislocation of photoreceptors in the retina (Walcott, 

1969, Hardie and Franze, 2012), with different mechanisms playing 

dissimilar roles in species with different visual system anatomies. 

Therefore, when an animal is at rest, with no active visual searching 

or guidance taking place, and in the absence of objective movement in the 

visual environment, the visual input is determined by the translational or 

rotational motion of the scene relative to the retina due to involuntary 

movements of the animal, which range from saccades to displacement of the 

head due to other physiological movements such as breathing. When the 

animal performs voluntary movements, the visual scene displacements 

produce robust visual input, which is further complicated by movements of 

objects in the environment. It can be seen that the resulting natural signals 

perceived by the eye are shaped by the visual ecology and behavior of the 

species. At the level of individual photoreceptors, the temporal properties of 

such inputs are fully determined by the character and speed of the relative 

photoreceptor-visual scene movements, whereas static properties of the scene 

are defined by contrast distributions in the visual scene. The movement of an 

object in the visual field alters this input accordingly, depending on the 

relative speed, angular size and contrast prominence of the object.  

It can be argued that in the same visual scene the natural signals 

generated by the involuntary movements of the animal should be statistically 

similar for different species due to the inherently limited magnitude and 
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frequency range of such movements, whereas the natural signals arising from 

the voluntary movements should be behavior-specific, characterized by 

distinct statistical patterns. In addition, the general level of visual scene 

illumination should also alter the signal properties, because in progressively 

dimmer light photon absorption events become increasingly scarce and 

random. 

Two key statistical properties of natural signals are the predominance 

of low-frequency components in their Fourier amplitude spectra and their 

non-random phase. The amplitude spectral density of natural signals varies 

as 1/f 0.5, where f is temporal frequency (van Hateren, 1997), while amplitude 

spectra of natural scenes vary as 1/fs, where fs is the spatial frequency 

(Tolhurst et al., 1992). Due to the self-similar spatial organization, the 1/f -

type amplitude spectra (and, respectively, 1/fs
2 power spectra) reflect the 

spatial scales and objects in natural images over a wide range of depths or 

magnifications and remain relatively constant regardless of whether the 

observer zooms in or out (Ruderman, 1994, Ruderman and Bialek, 1994).  

Natural visual scenes and signals are rarely random as they contain 

numerous statistical regularities, these so-called higher order correlations 

(HOC), set them apart from images with random distributions of light 

intensities. For instance, in contrast to “unnatural” images, there is a 

relatively high probability that neighboring pixels in natural images belong 

to the same surfaces and textures and are encoded with similar light 

intensities, while object edges separate the world into darker and lighter 

shades (Field, 1987). A naturalistic light intensity series, such as a slice across 

these features, also contains structured and strongly correlated contrast 

changes (van Hateren, 1997). These regularities are encoded in the phase 

spectrum and enable more efficient coding in the nervous system (van 

Hateren, 1997, Barlow, 2001, Song and Juusola, 2014, Friederich et al., 

2016). 

Other important statistical properties of natural stimuli are relatively 

high contrast, non-uniform and skewed amplitude distributions, and 

redundancy (Ruderman, 1994, van der Schaaf and van Hateren, 1996, 

Hyvärinen et al., 2009). The presence of comparatively dark intervals in 

natural stimuli was suggested to be essential for high-capacity information 
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transfer in fly photoreceptors (Song and Juusola, 2014). The redundancy 

results from the presence of HOCs, i.e. from the intrinsic predictability of the 

neighboring point values in a spatial or temporal natural stimulus series. 

Redundancy can be measured with compression entropy by comparing the 

information content of a stimulus rich in HOC and a matching stimulus with 

randomized phase (Hyvärinen et al., 2009; French and Pfeiffer, 2011). 

Naturalistic stimuli (NS) are often compared to white noise (WN) 

created by shuffling NSs in the time domain. WN stimuli have equalized 

power across the spectrum, while the spectra of NS are characterized by 

invariably declining spectral power as the frequency increases (Tolhurst et 

al., 1992). Although the total power of an NS and a WN is equal, the WN 

signal has smaller power at lower frequencies than the NS, with important 

implications for the signal processing because photoreceptor membranes 

usually act as low-pass filters. When the input stimulus bandwidth exceeds 

the bandwidth of photoreceptor signal gain function, the higher-frequency 

information gets increasingly lost. Since NS carry most of their information 

and energy in the lower frequency regions, the photoreceptors can encode NS 

more efficiently than broadband WNs. However, despite the widespread 

usage of both NS and WN stimuli in vision research, no comprehensive study 

has been performed to determine how higher order correlations pertinent to 

NS but not WN affect information transmission in photoreceptors.  

The role of phase correlations in visual perception was investigated 

in a number of studies both in vertebrates and invertebrates (Froudarakis et 

al., 2014, Song and Juusola, 2014, Rikhye and Sur, 2015, Friederich et al., 

2016). It was suggested that information encoded in the Fourier phase is more 

important for perception than the information contained in the signal 

amplitude/power spectra (Oppenheim and Lim, 1981, Kovesi, 2003, 

Hyvärinen et al., 2009). Although it is generally accepted that visual systems 

are particularly effective in dealing with information obtained from natural 

scenes, it is not clear whether this is because the photoreceptor can extract a 

larger proportion of the input information from natural versus random light 

intensity changes, or simply because of matching signal power spectra and 

intrinsic photoreceptor filtering properties. It is also unknown if the correlated 

phase of NS can affect signal processing already at the level of photoreceptors 
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as contrasted to the higher-order visual neurons.  

The problem of HOC encoding at the level of the photoreceptor is 

studied in the third publication of this dissertation. 
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3 Objectives of the research 

1. To contribute to the development and improvement of methods for 

evaluation of information transfer in biological systems 

2. To investigate coding of natural signals by photoreceptors, with 

emphasis on the role of signal phase. An additional question was to 

determine if photoreceptors are evolutionarily optimized to extract 

more information from natural visual signals vs. random noises.  
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4 Materials and methods 

4.1 Animals and preparation 

Young (2-6 days post eclosion) female blowflies (Calliphora vicina) were 

used in intracellular recording experiments. Blowflies were purchased as 

pupae from Blades Biological Ltd (Cowden, Edenbridge, UK) and were kept 

at room temperature under a 12 h light/ 12 h dark regime. 

For intracellular recordings the blowflies were briefly cooled in a 

refrigerator to slow down their movements and then immobilized on a piece 

of microscopy glass with a mix of preheated beeswax and paraffin. Legs and 

wings were fixed to the glass platform and/or the fly body. The abdomen was 

fixed at the bottom with spiracles unblocked. The head and all its moving 

parts, including proboscis, bristles, and antennas, were fixed carefully to 

minimize any movement. Using a razor blade, a small cut was made in the 

fly’s thorax or abdomen for the Ag/AgCl reference electrode, which was 

fixed with wax and plasticine. Another miniscule hole for the recording 

electrode was cut laterally in the cornea of the left eye and immediately sealed 

with high vacuum silicon grease to prevent dehydration. 

 

4.2 Light stimuli  

For articles I and III, 60 s natural time series of intensities (NTSI) with 

dissimilar statistical properties were taken from van Hateren’s natural 
stimulus database (van Hateren and van der Schaaf, 1996, van Hateren, 1997, 

van Hateren and van der Schaaf, 1998). For article III surrogate “pink noise” 
(PN) sequences were made by using a random phases algorithm (Theiler et 

al., 1992). Briefly, each original natural sequence was converted from the 

time domain to the frequency domain by fast Fourier transformation (FFT). 

PNs were obtained by inverse Fourier transformation of the amplitude 

spectrum of the original data using a new uniformly distributed random 

phase. Then the original and the surrogate sequences were normalized. 

Within each pair, the PN was identical to the original NS in its Fourier 

amplitude spectrum, mean variance and amplitude, but generally differed in 

amplitude distributions and phase spectra (Fig. 7). As generation of PNs 

yielded sequences with negative transients, this was compensated by 
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elevating the baselines of both PN and NS. 

To generate surrogate signals with a partly randomized phase, the 

original phase spectrum was divided into 150 segments, and each of them had 

both unaltered and randomized phases fraction at defined percentage ratio. 

Naturalistic stimuli (NS) used in publication III are the natural 

contrast sequences (marked here as NTSI) with an added background; in 

articles I and II the original NTSI were used. In publication II, we also used 

Gaussian white noise (WN) light contrast series. 

 

4.3 In vivo intracellular experiments 

Aluminosilicate microelectrodes (1.0 mm O.D. × 0.53 mm I.D., Harvard 

apparatus, UK) were manufactured using a laser puller (P-2000; Sutter 

Instruments, USA) and filled with 2 M potassium acetate solution. Resistance 

of microelectrodes was in the range of 100-130 M. Under the 

stereomicroscope control (Leica S6) the microelectrode was driven into the 

retina through the small hole by a micromanipulator (PM10-model, World 

Precision Instruments, Sarasota, FL, USA or SMX-model, Sensapex Oy, 

Oulu, Finland). Capacitance compensation was adjusted before and during 

the recordings. After the recording electrode penetrated a photoreceptor, a 

light source on the Cardan arm was aligned with the photoreceptor’s optical 
axis. A photoreceptor was accepted into the data set if it had a resting 

potential equal to or below -55 mV and responded robustly to light. 

Photoreceptors were stimulated using a high-intensity green light 

emitting diode (LED) with a peak wavelength of 525 nm. Light intensity was 

attenuated with a series of neutral density filters (ND0 to ND3 correspond to 

log(I/I0) from 0 to -3). Signals were amplified with an intracellular amplifier 

SEC-05L (NPI, Germany) and recorded at a sampling frequency of 2.4 kHz 

(DAQ-board: PCIe-6259, National Instruments, USA; custom Matlab® 

software). Experiments were performed at room temperature (20-22°C).  
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4.4 Data analysis  

4.4.1 Frequency analysis 

Photoreceptor performance was examined in the frequency domain using 

MatLab (Math-Works, Massachusetts, USA). Welch’s method was used with 

a window of different types and sizes and a 50% overlap (publication II); with 

a 0.5-s Hanning window and a 50% overlap (publication III). 

The coherence function γ2 was calculated in MatLab for every cell 

after de-trending through the magnitude squared coherence function as:  

                          𝜸𝟐(𝒇) = |𝑷𝒙𝒚(𝒇)|𝟐(𝑷𝒙𝒙(𝒇)(𝑷𝒚𝒚(𝒇))                                                 (1) 

where Pxx and Pyy are the stimulus and response power spectra, 

correspondingly, and Pxy is their cross-power spectrum (Bendat and Piersol, 

1980). The coherence function provides a measure of spectral similarity of 

two signals; γ2 departing from unity at certain frequencies may indicate the 

presence of nonlinearities, noise or time delay between input and output 

(Randall and Tech, 1987).  

The signal-to-noise ratio function SNR(f) (or SNR) is a measure of the 

the level of an authentic signal relative to background noise. SNR can also be 

determined via the coherence function (Bendat and Piersol, 1971): 

                            𝑺𝑵𝑹(𝒇) = 𝜸𝟐(𝒇)1− 𝜸𝟐(𝒇)                                                     (2) 

The frequency response (Txy(f)) was calculated as: 

                             𝑻𝒙𝒚(𝒇) =   𝑷𝒙𝒚(𝒇) 𝑷𝒙𝒙(𝒇)                                                          (3) 

The frequency response is a complex-value quantity that can be 

expressed in terms of gain G(f), the magnitude, and phase Φ(f), its angular 

component. Gain is the ratio of the photoreceptor response amplitude to the 

stimulus amplitude in the frequency domain.  
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4.4.2 Estimation of information 

Information transfer was evaluated with three methods. The coherence rate H 

was estimated from the coherence function γ2(f) (Stein et al., 1972, van 

Hateren and Snippe, 2001) using the equation: 

                                         𝑯 = − ∫ 𝒍𝒐𝒈𝟐(𝟏 − 𝜸𝟐(𝒇))𝒅𝒇                             (4) 

In the case of independent Gaussian signals and noise, coherence rate 

is equal to Shannon’s information capacity (Shannon, 1948, Shannon and 

Weaver, 1949). The information capacity of a linear system stimulated with 

a linear signal is: 

                        𝑯 = ∫ 𝒍𝒐𝒈𝟐(𝟏 + 𝑺𝑵𝑹(𝒇))𝒅𝒇                                 (5) 

where the calculation of SNR(f) is based on time domain averaging of 

responses to the repeated presentation of the same input. The time domain 

averaged photoreceptor signal is used for the calculation of the signal power 

spectrum and for determining the signal-induced noise. The latter is achieved 

by subtracting the averaged response from the individual responses. SNR is 

then calculated as the ratio of the averaged signal power spectrum to the 

power spectrum of the background noise (French, 1980, Juusola et al., 1994). 

The mutual information rate R is based on the estimation of mutual 

information (MI) between input �̅�𝑑 and output �̅�𝑑 and can be estimated as:  

                                         𝑹 = 𝑴𝑰−𝒄𝒅 , when 𝑑 is large enough                (6) 

where d is the dimension of the random process and c a constant depending 

on the initial condition (Takalo et al., 2011).  

Compression entropy rate E was calculated using the lossless data 

compression algorithm (French and Pfeiffer, 2011). In this approach the 

signal represented as a data set of symbolic series was compressed by 

repeatedly replacing the pairs of symbols that occurred with the greatest 

frequency by new symbols, until no further compression was possible. This 

algorithm calculates the minimum entropy required to reproduce the original 

signal from the compressed sequence. The compression entropy rate was 

computed as:  
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                                             𝑬 =  𝑵 𝒍𝒐𝒈𝟐𝑴𝒏𝒕                                                (7) 

where N is the number of symbols after compression, M is the number of 

different symbols used, n is the digitization level, and t is the signal duration 

in seconds. The compression entropy rate was calculated using InfoCap 

program by A. S. French, with digitization level set at 10 bits allowing 1024 

amplitude levels.  

 

4.4.3 Estimation of time delay 

The cross-correlation function CCF(k) measures the similarity between 

the real discrete random signal x(t) and the shifted copies of y(t) as a function 

of the time lag k:  

                    𝑪𝑪𝑭(𝒌)  =  ∑ 𝒙(𝒕)𝒚(𝒕 − 𝒌)𝒅𝒕∞−∞                                (8) 

The cross-correlation between input and output is maximal at a lag 

equal to the time delay τ: 

                            𝑪𝑪𝑭(𝝉) =  𝒎𝒂𝒙(𝑪𝑪𝑭(𝒌))                                 (9) 

 

4.4.4 Time delay and the random error 

For the Hanning window, the normalized time delay bias error for the 
coherence and gain functions is dependent on the ratio τ/T, where T is the 
window length, as:  𝜺𝒅 (�̂�𝟐(𝒇)) = [ 𝟏𝟑 ∗ (𝟐 + 𝒄𝒐𝒔 𝟐𝝅𝝉𝑻 ) (𝟏 − 𝝉𝑻) + 𝟏𝟐𝝅 ∗ 𝒔𝒊𝒏 𝟐𝝅𝝉𝑻 ]𝟐 − 𝟏          (10) 

 𝜺𝒅(│�̂�(𝒇)│) = [ 𝟏𝟑 ∗ (𝟐 + 𝒄𝒐𝒔 𝟐𝝅𝝉𝑻 ) (𝟏 − 𝝉𝑻) + 𝟏𝟐𝝅 ∗ 𝒔𝒊𝒏 𝟐𝝅𝝉𝑻 ] − 𝟏                    (11) 

For the Hanning window, the normalized random error for the 

coherence and transfer functions can be approximated as: 

                         𝜺𝒓 (�̂�𝟐(𝒇)) ≈ (𝟏−𝜸𝟐(𝒇))√𝟐│𝜸(𝒇)│√𝑴𝒅                           (12) 
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   𝜺𝒓(│�̂�(𝒇)│) ≈ √(𝟏−𝜸𝟐(𝒇))│𝜸(𝒇)│√𝟐𝑴𝒅                                (13) 

where Md is the number of distinct averages without overlapping (i.e. the 

whole number of the ratio between data samples and window length). In the 

case where overlapping is used, due to correlation between the averages that 

partly come from the same data Md should be replaced with Me, the equivalent 

number of averages (i.e. the number of independent segments that would give 

the same variance as if with zero overlapping). For a Hanning window with 

a 50% overlap, the equivalent number of averages is Md times 1.89 (Brandt, 

2011). 

 

4.4.5 Statistical analysis  

All values are presented as mean ± s.d. In figures, error bars designate 

standard deviation. Pearson’s and Spearman’s correlation coefficients r and 

ρ were used in the analysis of correlations as indicated. Correlation was 

considered to be significantly different from zero when P < 0.05.  
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5 Summary of the results 

This chapter summarizes the results of the three publications included in this 

thesis. Each article is described separately and the description of paper II also 

includes some unpublished results. 

 

5.1 Article 1: A novel estimator for the rate of information transfer by 

continuous signals 

Information carried in graded voltage signals from the visual world can be 

measured quantitatively. When the input signal is white noise and Gaussian, 

the information in the output signal can be measured using the Shannon–
Hartley theorem as the theoretical maximum information flow through a 

communication channel. However, as described above (sections 2.7) the 

statistics of naturally occurring inputs do not normally conform to these 

assumptions. Thus, estimation of the Shannon information capacity for 

responses to natural inputs usually leads to underestimation of the true 

information transfer by the photoreceptor. 

The research described in article I was motivated by a need to develop 

an estimator of information content in a continuous analogue (graded) 

response of a system to an arbitrary stimulus that is not limited by strict 

assumptions of linearity. Therefore, a novel method for estimating the 

information rate between two continuous stochastic time series was 

developed in publication I (Takalo et al., 2011). Mutual information (MI) 

measures the degree of mutual dependence between the input and output for 

a nonlinear system in the general case of a non-Gaussian input and noise. This 

computational method is based on principal component analysis of the input 

and output entropies and requires only that the analyzed sequences are 

stationary, ergodic and sufficiently long. 

Two main steps are included in the MI algorithm: (1) the nearest 

neighborhood method allowing estimation of the mutual information robustly 

for short and noisy data (Kraskov et al., 2004, Khan et al., 2007), and (2) the 

principal component analysis to reduce data and improve the computation 

time (Brandt, 2011).   

Detailed derivation of the method can be found in the original study 
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(Takalo et al., 2011). The resulting relationship between the mutual 

information 𝐼(�̅�𝑑, �̅�𝑑)  for input �̅�𝑑 = {𝑋𝑖|𝑖 = 1, 2, … 𝑑}  and output  �̅�𝑑 ={𝑋𝑖|𝑖 = 1, 2, … 𝑑} stochastic processes of dimensions 𝑑 and the information 

rate R is:  

                           𝑰(�̅�𝒅, �̅�𝒅) = 𝑹𝒅 + 𝒄, 𝑤ℎ𝑒𝑛 𝑑 𝑖𝑠 𝑙𝑎𝑟𝑔𝑒 𝑒𝑛𝑜𝑢𝑔ℎ            (14)  

where c is a constant depending on initial conditions. Thus, the mutual 

information rate can be estimated directly from the slope of the 𝐼(�̅�𝑑, �̅�𝑑) 

function for various d (Fig. 4). The slope of the linear fit gives the information 

rate in the units of nats/sample. Division by the sample interval allows 

converting nats/sample to a time-dependent measure of nats/s (i.e. R = 0.116 

nats/sample = 69.7 nats/s), and then by dividing with ln(2) one can get 

information rate in bits/s (Fig. 4, R=101 bit/s).  

 

Figure 4. Mutual information 

as function of dimension. 

Information rate of 101 bits/s 

was obtained from the linear fit 

of MI function obtained from a 

voltage response of a C.vicina 

photoreceptor to pink noise 

stimulation at a sampling 

frequency of 600 Hz. 

 

The method was validated using mathematical modelling in the 

following way. A Gaussian white noise was taken as input. The output time 

series were made by summing the linearly low-pass filtered input and 

additional independent Gaussian noises with different variances in order to 

afford different information rates. Next, both the coherence information rates 

(eq. 4) and MI rates for all these simulated input-output pairs were calculated. 

Note, that such an approach conforms to all assumptions about input linearity. 

It was found that for these linear and ergodic time series the MI rate coincided 

with the Shannon-based coherence information rate.   
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5.2 Article 2: Equilibrating errors: reliable estimation of information 

transmission rates in biological systems with spectral analysis-based 

methods 

Effect of time delay and random error on information transfer    

In publication II, I investigated the effects of time delay contained in 

responses of photoreceptors on information rate estimates, using data 

obtained in patch-clamp recordings from several insect species.   

The time delay (τ) can be defined as a lag between the input and 

output. In the case of a photoreceptor voltage response to light, the overall 

(or total) time delay can be presented as a sum of two components, the latency 

of phototransduction and the time delay due to membrane filtering. The 

former is henceforth referred to as dead-time.  

The total time delay can be obtained using the cross-correlation or the 

cross-mutual correlation functions (ССF and CMIF, respectively) as the time 

shift value, at which the cross-correlation is the largest (eq. 9). In the 

frequency domain, the cross-correlation corresponds to the cross-spectrum of 

input and output (Pxy(f)), with time delay causing a negative bias. This bias is 

called the time delay bias error. It is transferred to other spectral functions 

that depend on the cross-spectrum function, such as the estimates of 

information transfer based on the coherence information rate and the classical 

Shannon information capacity. The error increases as the time delay increases 

or as the response duration decreases.  

The size of time delay bias error also depends on the type and the size 

of the window function used to calculate the cross-spectrum (Trethewey and 

Evensen, 1984, Schmidt, 1985). Long delays produce large errors in all 

estimates based on spectral methods. Increasing the window size (T) 

decreases the bias. Application of a window decreases the bias if the relative 

time delay (time delay divided by the window size, τ/T) is small (τ /T < 20%) 

and increases if it is large. When delay is relatively small, the window 

function suppresses the incoherent parts located at the end of the input and 

beginning of the output segments. Segmentation of the data without any 

weighting (i.e. using a rectangular window) does not change the bias.  

Several methods can be used to reduce the time delay bias error. 
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Aligning the input and output can abolish the time delay error, but in case of 

nonlinear time delays in biological systems such delay subtraction results in 

an unrealistic phase lead and should be avoided. The time delay bias error 

can also be minimized by increasing the window size (Bendat and Piersol, 

1980, Randall and Tech, 1987). However, this reduces the number of data 

segments used for power spectrum estimation and increases another 

important measurement error, the random error. The random error is defined 

as the standard deviation of the estimate, i.e. the difference between estimated 

variable and the true variable. Random error can be reduced by increasing the 

number of observations.  

Because these approaches to the elimination of the time delay bias 

and random errors are mutually exclusive, in this work I attempted to develop 

a method that would allow minimization of the influences of the two errors 

by adjusting the size of the window function, with the goal of improving the 

precision of information rate estimation for approaches that depend on the 

power spectrum.  

The proposed computational algorithm is explained next (Fig. 5). For 

a fixed time delay, both error estimations are calculated for different Hanning 

window sizes (eq. 10 and 12) and plotted as the functions of τ/T ratio. The 

absolute magnitudes of these two errors are equal at the intersection of two 

functions (blue and grey traces). Using the window size corresponding to the 

intersection point would result in mutual cancellation of the opposing errors.  

Figure 5 illustrates the algorithm for equilibrating the time delay and 

random errors using a voltage response of Metrioptera roeseli (bush-cricket) 

and Ectobius sylvestris (forest cockroach) photoreceptors. The values of 

negative time delay error (-εd) and random error (εr, blue trace) are plotted 

against the relative time delay. It can be seen that the absolute value of εd 

increases as τ/T decreases.  

In the region of τ/T<5% the random error dominates, causing 

overestimation of the information rate. In contrast, the time delay error is 

predominant in the region of τ/T >9%, reducing the information rate. The blue 

and grey curves have intersections at τ/T = 7.6% and 6.5%, respectively, 

which correspond to Hanning window lengths of 970 and 820 ms for 

Metrioptera (Fig. 5A) and Ectobius (Fig. 5C), respectively. 



43 

 

To reduce the time delay, the latency of phototransduction was 

subtracted from the photoreceptor responses. As it can be seen from Figures 

5A and C, this decreased both the time delay (coincides with grey trace, but 

shifted to the left) and random errors (green trace) and allows using a smaller 

window (for Ectobius: a 540 ms window with τ = 32.5 ms gives τ/T = 6%). 

However, this did not strongly affect the information rate corresponding to 

the intersections (for Ectobius: 33.5 vs. 32.6 bits s-1, marked with arrows in 

Fig. 5D). 

Figure 5. Computational errors in coherence function for Metrioptera and 

Ectobius photoreceptor response. (A, C) The time delay and random errors as a 

function of τ/T ratio before (blue trace, τ = 73.3 ms in A and 53.3 ms in C) and after 

dead-time subtraction (green trace, τ = 39.2 ms in A and 32.5 ms in C). Hanning 

windows of varying sizes (from 0.5 s to 7 s) with a 50% overlap were used to analyze 

responses to 60 s NS stimuli. The points of intersection, where the absolute values 

of time delay error equal the random error values, are marked as 1 or 2. (B, D) 

Coherence rates were calculated in the frequency range from 1.2 to 150.0 Hz as a 

function of τ/T ratio before and after the dead-time subtraction.   

All mathematical formulas are explained in publication II. Note that 
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both time delay and random errors estimates are slightly different for gain 

and coherence functions because gain depends on Pxy(f )2, while coherence 

depends on Pxy(f ).  

 

Optimization of the algorithm  

The equilibrated error algorithm described above is complex and time-

consuming. However, it can be simplified by using an empirically derived 

fitting equation:  

                                      𝑻 =  𝟏𝟐. 𝟕 ∙ 𝝉 + 𝟏𝟒𝟕                                             (15)                              

for the dependence of the total time delay τ (in ms) on the optimal window 

size T (in ms, Fig. 6). The window sizes were obtained for each response of 

photoreceptors in dissociated ommatidia to prolonged natural and white-

noise stimuli using the equilibrated error algorithm as described above (Fig. 

5). Next the time delays found in typical photoreceptors of ten insect species 

were plotted against the optimal window sizes and the resulting equation was 

obtained by fitting. 

The existence of a linear relationship between the time delay and the 

optimal window size greatly simplifies the window size selection procedure. 

As a consequence, a researcher needs to determine the input-output time 

delay using a CCF or CMIF, and then obtain the optimal window size using 

eq. 15.  

Fig. 6. Approximation of equilibrated errors algorithm. Dependence of the total 

time delay τ on the optimal Hanning window of size T with 50% overlap for 

photoreceptor responses of ten distinct species. 
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5.3 Article 3: Effects of phase correlations in naturalistic stimuli on 

quantitative information coding by fly photoreceptors 

Phase correlations and information coding 

In this article the influence of higher order correlations on information 

processing was studied in photoreceptors of the blowfly (Calliphora vicina). 

In the largest study to date, I recorded and analyzed photoreceptor responses 

to eighty different naturalistic (NS) and randomized-phase stimuli (“pink 
noise”, PN).  

As described in section 2.7, natural visual scenes feature statistical 

regularities, or higher order correlations (HOC), both in time and space, to 

encode surfaces, textures, and object boundaries. Visual systems rely on this 

information; however, it remains controversial whether individual 

photoreceptors can discriminate and enhance information encoded in HOC. 

Information about HOC is encoded in the phase spectrum. By 

randomizing the phase spectrum of a natural sequence, HOC can be 

eliminated, while the original amplitude spectrum would remain intact. Such 

a procedure was performed for 40 natural time series with dissimilar 

statistical properties, resulting in 40 NS/PN pairs. Examples of two pairs of 

stimuli are shown in Figure 7.  

Another inherent property of natural stimuli is their redundancy; it is 

Fig. 7. Examples of matching pairs of input stimuli. Pairs #2 and #39 of 

naturalistic (NS, black traces) and pink noise stimuli (PN, grey traces) are shown 

together with their phase spectra. PN lacks HOC, but is otherwise identical to the NS. 
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closely associated with HOC, but in the time domain. The redundancy was 

measured using compression entropy (Hyvärinen et al., 2009, French and 

Pfeiffer, 2011). Entropy rates for the input stimuli are shown in Figure 8A. 

Phase spectra values (Φinput) were obtained as absolute values at 200 Hz (Fig. 

8B). Strong positive correlation was found between differences in entropy 

and phase for each stimulus pair (inset in Fig. 8; in the following referred to 

as phase and entropy differentials). Therefore, both entropy and phase can be 

used as approximations for the amount of HOC in naturalistic sequences. 

To evaluate the information transfer, three different methods were 

used: the coherence information rate (H), the mutual information rate (R) and 

the compression entropy (E). Coherence-based information rates at the 

brightest light level (ND0, see 4.3) for all forty pairs of stimuli are shown in 

Figure 9A. Although the variability in information rates is high, it can be seen 

Fig. 8. Entropy and phase of inputs. (A) Compression entropy values for the pairs 

of matching NS and PN stimuli. (B) Absolute phase values for each pair of stimuli 

obtained at 200 Hz.  Inset, Correlation between phase and entropy differentials for 

each pair of stimuli. 
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that in the left part of the bar plot, where stimulus pairs with relatively large 

input entropy and phase differentials are concentrated, the differences 

between H values for NS and PN are particularly high. Indeed, when the 

entropy/phase differentials were correlated with the normalized output 

coherence rate differences (HPN – HNS)/HPN, strong positive correlations 

emerged. Similar correlations were found between the proxies for HOC and 

output information rates differences when mutual information and 

compression entropy methods were used. 

Information rates (IRs) calculated with three different methods 

produced consistent trends: IRs were higher for responses to PN than to NS. 

Fig. 9. Information rates of outputs. (A) Coherence information rates for pairs 
of NS and PN stimuli were obtained from photoreceptor responses at the brightest 
light level. (B, C) Correlations between input phase (B) or entropy (C) differences 
and relative differences in combined output information rates. Combined 
information rates of outputs were calculated by averaging the values of average 
relative differences obtained with each of three methods: coherence rate, mutual 
information, and compression entropy. 
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Moreover, the more HOC a NS included, the larger was the difference 

between IRs of the NS and the matching PN stimulus. Figure 9B, C illustrates 

correlations between phase/entropy differentials and combined output 

information rate differences. 

Thus, in contrast to previous studies (Song and Juusola, 2014, 

Friederich et al., 2016), these results indicate that photoreceptors do not 

exhibit any inherent susceptibility for processing of natural vs. noise-like 

visual signals. This was also directly confirmed in the partial phase 

randomization experiments.  

 

Physiological limitation of visual perception  

The presence of HOC in NS produces redundancy in NS, whereas in the noise 

signals the predictability is minimal. Inputs characterized by high redundancy 

have small relative difference between the neighboring points in the temporal 

sequences, i.e. small temporal gradients. The decrease in the information 

rates and composite information rate differences described in Figure 9 can be 

explained using a concept of physiological limit of signal detection based on 

Weber’s law. This law states that signal detection by a sensory system has its 

physiological limitation, the so-called just noticeable difference, a constant 

proportional of the original stimulus amplitude. The constant defines the 

smallest change in stimulus that can be detected. 

We proposed that an equivalent of the Weber’s constant for a visual 
stimulus would be a certain local contrast (LC) defined as: 

              𝑳𝑪 =  𝚫𝑰𝑰𝒏 =  𝑰𝒏+𝟏− 𝑰𝒏𝑰𝒏                                            (16) 

where In is the previous and In+1 the next value of the stimulus amplitude. 

Those local contrasts below a certain minimal value will not be reliably 

encoded by the photoreceptor due to noise, while all larger contrasts will be 

accounted for in the output information rate. We hypothesized that the 

number of encoded aspects of the stimulus should be proportional to the 

information rate. To measure how many amplitude changes in the input 

exceed the unknown Weber’s constant in NS and PN, we used data obtained 

in the partial phase randomization experiments. The four stimuli had identical 
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statistical properties except for the HOC content. Local contrasts were 

calculated from the inputs down-sampled to 200 Hz to simulate the 

integration of the signal due to finite speed of membrane responses; here we 

assumed a membrane time constant of 5 ms. The distributions of local 

contrasts were dissimilar for the four inputs (Fig. 10A).  

Figure 10. Local contrasts. (A) Local contrast distributions for four stimuli: NS, 

a 25% PN, a 75% PN, and PN. (B) Correlations between the local contrast 

integrals and average output IRs; the integrals were obtained by summing the 

contrast distributions from panel A above a threshold varying from 1% to 17% 

(only correlations for 4%, 7%, and 10% thresholds are shown); the output rates 

are averages of mean H and R values. Inset, Dependence of the Pearson 

correlation coefficient (r) on the threshold value with maximum at 7%. (C) 

Simulated detectable (red) and undetectable (blue) components of two stimuli, 

NS#3 and PN#3, determined using the 7% local contrast threshold. 
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As we did not know the detection threshold value of the local contrast, 

we determined it by correlating the number of local contrasts exceeding a 

progressively increasing threshold with the output information rates (Fig. 

10B). The highest correlation was obtained at the 7% level (Fig. 10B inset). 

A very strong correlation has emerged between the number of local contrasts 

and output information rates, when this threshold was applied to the overall 

sample of 80 stimuli. 

These results explain the differences in perception of naturalistic and 

random signals. On average, the difference between the previous and the next 

points in the temporal series will always be smaller for a HOC-rich NS than 

for a PN. Sharp changes in stimulus amplitude occasionally observed in NSs 

are associated with very high local contrasts. However, the number of such 

events is relatively small, and in the final balance the relatively small but 

ubiquitous encodable local contrasts of pink noise stimuli prevail by their 

quantity (see Fig. 10A; dashed lines show an example of a 7% threshold). 

Figure 10C shows 5-s segments of a pair of signals with putative encodable 

aspects highlighted in red. It can be seen that the PN segment contains more 

encodable events than the NS segment. 

 

 

 

 

 

 

 

 

 

 

 

 



51 

 

6 Discussion 

This dissertation deals with several aspects of the analysis of information 

transfer through biological channels. In the first publication, by gathering the 

data, I participated in the development of a novel method for computing 

information rate based on the concept of mutual information. In the second 

article, I investigated a problem caused by the influence of time delay in 

photoreceptor responses on information rate estimates. The third publication 

is the most important of all, as it investigates the processing of various 

naturalistic signals by blowfly photoreceptors, in the largest experimental 

study to date. The reader can find discussions of specific issues of the 

research in the appended publications. In the following sections below are the 

brief discussions of the significance of my findings. 

 

6.1 General problems of analyzing information content of graded 

signals   

The information estimation methods used in these studies (coherence, mutual 

information and compression entropy) each have their limitations.  

The limitations of the compression entropy method lie with the 

algorithm. In brief, the compression entropy algorithm involves digitization 

of signal amplitudes after assigning their range. When applied to a graded 

voltage response sequence, this digitization or amplitude re-sampling is 

problematic for physiological interpretation for two reasons. First, there is no 

physiological criterion for setting the number of amplitude levels, as having 

too few levels will result in information loss, while too many give 

overestimation of bit rates. Second, the amplitude digitization range is 

determined by the difference between the minimal and maximal amplitudes 

in the sequence. When entropy is calculated for naturalistic sequences with 

high HOC content, which are usually characterized by fine amplitude changes 

near background light level with few high transients (French and Pfeiffer, 

2011), setting the range by using the largest of the transients with consecutive 

digitization would result in the loss of a substantial portion of the fine 

amplitude transitions. Accordingly, when the large transients are removed 

and entropy re-calculated using a new, much narrower amplitude range, it can 
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increase dramatically. 

As described above in section 2.5, the Shannon information capacity 

and the related coherence rate assume that the signal is Gaussian and the 

processing system is linear and time-invariant in its properties. The mutual 

information rate method makes no assumptions about the system’s linearity 
and signal’s Gaussian statistics. It only assumes that the time series is 

stationary and ergodic. However, both stationarity and ergodicity are 

intrinsically linked to the linearity. Thus, the proper application of Shannon 

information capacity, coherence rate, and mutual information rate requires 

that the signals are stationary and ergodic. Do natural stimuli satisfy these 

requirements? 

A random stochastic process is defined as stationary if its statistical 
properties do not significantly change in time. A time series is considered 
ergodic if it is (1) stationary, and (2) if the statistical properties of each 
arbitrarily selected fragment of the series are representative of the entire 
series. In practice, if the signal is ergodic, it is as a rule also stationary 
(Brandt, 2011). However, determining if a certain process is stationary is not 
a trivial problem (Beck et al., 2006, Milly et al., 2008), and tests for 
stationarity are not always accurate (Beck et al., 2006). 

Natural visual scenes are generally not stationary, and the statistical 
properties of natural signals (mean  and variance) can vary strongly in time 
(Parra and Spence, 2001, Nason, 2006). I applied two different reverse 
arrangement tests of stationarity (Bendat and Piersol, 1971, Siegel and 
Castellan, 1988) to a number of natural sequences from van Hateren’s 
database and found that the real-life visual signals are usually non-stationary. 
This is consistent with the observations of other authors (Parra and Spence, 
2001, Nason, 2006).  

A relatively simple way to test stationarity is to calculate kurtosis, 
which indicates how outlier-prone is the amplitude distribution (Parra and 
Spence, 2001). High kurtosis arises from the non-stationarity of the sequence 
(Parra and Spence, 2001). Interestingly, patches of the same texture in natural 
images can often be described as an approximately statistically stationary. 
The structure of natural scenes is a product of numerous non-linear 
interactions between spatially stationary processes influenced by other 
variables, such as general illumination level (Raj et al., 2007). The resulting 
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non-stationarity is usually associated with edges and boundaries between the 
textures (Raj et al., 2007).  

Furthermore, the redundancy associated with HOC is characterized 
by sparse amplitude distributions with long tails, and with large positive 
kurtosis (Bell and Sejnowski, 1997, Ignatova et al., 2018). Thus, the amount 
of HOC can be used as a proxy for non-stationarity together with the non-
stationarity index (Raj et al., 2007). Due to the presence of unique HOC, non-
stationarity appears to be a fundamental property of real-life signals. 

Therefore, strictly speaking, none of these methods are fully suitable 

for the study of signal transmission from the visual scene by graded voltage 

signals. However, if by using all of them, one gets similar results and trends, 

it might be possible to make conclusions with cautious confidence. This 

approach was used in my third study.    

 

6.2. Mutual information rate 

The first article of this dissertation deals with the development of a novel 

method for estimating information content of graded voltage responses to 

visual contrast-modulated stimulation. This was an important advance 

because, at the time of publication in 2011, only two methods, Shannon 

information capacity and coherence rate, were available for such 

computations. The compression entropy method was published nearly 

simultaneously (French and Pfeiffer, 2011).   

While the method itself was developed by Dr. Jouni Takalo, I 

gathered electrophysiological data to test the algorithm. More importantly, 

by using data obtained in the third study (Ignatova et al., 2018), I performed 

additional testing of the mutual information method by comparing MI rate 

estimates with the coherence rates. The main result of this analysis is shown 

in Figure 11. The figure demonstrates correlations between coherence and 

mutual information rates for two datasets of blowfly photoreceptor responses 

at the brightest light level. Points in the plots represent average coherence or 

mutual information rate values for the samples of responses to each of forty 

NS (Fig. 11A) or PN (Fig. 11B) stimuli.  
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It can be seen that the coherence and mutual information rates do 

indeed correlate statistically significantly (Fig. 11). However, the correlations 

have opposite signs for the datasets of responses to naturalistic and matched 

pink noise contrasts! While at this point no satisfactory explanation exists for 

these differences, it was noticed that the mutual information rate tends to 

increase with increasing rate of data acquisition and vice versa, i.e. depends 

on the sampling frequency of the response. This might be caused by a 

dependence of the MI estimator on the properties of the input distribution due 

to the presence of temporal correlations in the time series. Considering that 

the amount of such correlations should be different for responses to NS and 

PN, this might explain the results shown in Figure 11. However, more 

research is needed to explain this finding. 

Fig. 11. Correlations between coherence and mutual information rates. Average 

rates were computed from blowfly photoreceptor responses at the brightest light 

level to forty NS (A) or PN (B) stimuli as described in article III. Spearman’s rank 
order correlation coefficients with significance values are as indicated. 

 

6.3. Time delay in information processing 

The second publication of this dissertation addressed the influence of time 

delay on quantitative estimates of information transfer. Time delay between 

the beginning of stimulation and beginning of the response depends on the 

intrinsic properties of a sensory system and determines how fast the animal 

can react to new signals. Regarding the visual systems of invertebrates, time 

delay varies dynamically with light level and is closely linked to the visual 
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performance of the species: the more the animal relies on vision, the smaller 

the time delay. While we touched on the comparative aspect of time delay, 

the emphasis of this study was on the computational error associated with 

ignoring the time delay while computing information transfer using spectral 

analysis-based methods. We showed that these errors can be substantial, and 

developed a procedure for optimizing the calculation of information rates and 

other spectral estimates for characterizing photoreceptor performance.   

Computation of the Shannon information capacity and its derivative 

coherence rate both involve obtaining the power spectrum. This procedure is 

sensitive to the presence of time lags between the stimulus and response. This 

bias error first appears in the cross-spectrum and is then transferred to the 

coherence, SNR and the frequency response. The effects of the window 

properties, the associated random error, and values of time delay on the 

information estimates were investigated. My results suggest that choosing an 

optimal window is important for obtaining the least biased estimates of 

information rate. Ignoring the time delay and random errors can lead to a 

significant bias in all spectral functions. I proposed a correctional algorithm 

based on selection of an optimal window size to equilibrate the time delay 

bias and random errors. Adjusting the size of the window is recommended 

for systems with relatively large time delays and when comparisons are made 

between species with manifestly different time delays and/or signals of 

dissimilar duration. 

I demonstrated that the standard procedure of subtracting the time lag 

between the input and output is not optimal for photoreceptors because it 

causes a positive phase lead. However, such complete input-output alignment 

is used in the mutual information rate algorithm, which involves computation 

of a cross-mutual information function (a nonlinear counterpart of the cross-

correlation function) between two time series with a varying lag. The mutual 

information is maximal at a lag equal to the mean latency between the input 

and output. Then the output signal is shifted back by the mean latency value, 

so that input and output are totally aligned. This procedure makes the mutual 

information method independent of time delay and also reduces the 

computation time. 

Time delay bias and its effects was for the first time described in the 
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context of photoreceptor’s neural processing. In signal analysis it is important 

to choose the optimal window size and to get more reliable spectral estimates.   

    

6.4 Local contrasts: a physiological estimator of encodable events?  

In the third publication, while analyzing light responses of blowfly 

photoreceptors to a large set of naturalistic stimuli (40 pairs of 60 s sequences 

with dissimilar statistical properties) using three information estimates (the 

coherence, mutual information and compression entropy rates), we strove to 

find correlations between the input compression entropy rates and 

information rates of responses. Taking into account Weber’s law, we started 

to measure stimulus information content in units of local contrasts, under the 

assumption that very small contrasts must either produce no noticeable 

changes in graded voltage responses or produce changes that are below the 

intrinsic voltage noise. We then found strong and convincing correlations 

between the response coherence, mutual information rates and the number of 

local contrasts exceeding a certain small threshold, with correlation 

coefficients exceeding 0.8 (Ignatova et al., 2018). By comparing the strength 

of correlations obtained at different detection thresholds, we tentatively 

suggested 7% as the threshold for detectable local contrast in blowfly 

photoreceptors (Figs. 10B and inset). 

We define encodable local contrasts as changes of the stimulus large 

enough to be transferred by the photoreceptor as information to the first 

synapse, and to cause a significant change in synaptic vesicle release rate. 

Although we do not have a universal threshold value below which a change 

in the stimulus is generally too small to be detected, nor do we have a 

similarly universal sampling rate to calculate local contrasts, the method 

appears robust and might allow estimation of physiologically-relevant 

information content of arbitrary visual signals, and especially to compare 

such content between different signals. 

The local contrast threshold must be a complex dynamic variable, 

dependent on the mean signal intensity, adaptation state of the photoreceptor, 

and intrinsic species-specific properties of phototransduction because all 

these parameters influence the level of voltage noise during light response. 
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However, single-digit changes in the threshold value had relatively little 

effect on the strength of input-output information rate correlations (Fig. 10B), 

suggesting that precise, time-dependent determination of this variable is not 

crucial. 

The second confounding variable, the rate of sampling of local 

contrasts from the signal (signal amplitudes within the sampling interval are 

averaged) needs to be generally different for species characterized by 

dissimilar membrane time constants, which determine the temporal 

properties of the voltage response. For instance, we used a local contrast 

sampling rate of 200 Hz. This rate is lower than the 1000 Hz that might be 

warranted by the blowfly membrane time constant of ca. 1 ms in bright light 

(Weckstrom et al., 1991). On the slow light responses of the cockroach P. 

americana (Heimonen et al., 2012, Salmela et al., 2012) might justify a 

sampling rate as low as 30 Hz.  

As the stimulus intensity decreases, the signal power decreases, while 

the noise power increases, causing a progressive decrease in information rate. 

The increase in voltage noise cannot but obscure small changes in the input, 

the absolute value of which is commeasurable with the mean level of voltage 

noise, which can be determined by recording responses to steady light stimuli 

and calculating response standard deviation. The presence of noise further 

complicates the concept of threshold, because large local contrasts can be 

associated with small input amplitudes. For instance, comparing two changes 

in input: from 1 to 0.1 and from 10 to 1 arbitrary units. In both cases the local 

contrast will be the same, -0.9, certainly large enough to pass the detection 

threshold in a noiseless system. However, if the signal amplitude of 1 elicits 

a response of 1 mV, whereas the signal of amplitude 10 elicits a signal of 5 

mV (disproportionality is due to voltage shunting), and response variability 

in terms of standard deviation is also 1 mV, then the decrease in the signal 

from 1 to 0.1 might well be lost in the noise. 

However, at the next signal processing stage, in the lamina monopolar 

cells (LMCs) some of the signals, which are “lost in noise” at the level of 

photoreceptors, can be recovered, since LMCs gather inputs of multiple 

photoreceptors. In flies, inputs of six photoreceptors in the neighboring 

ommatidia that collect light from the same region in space converge on one 
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LMC (Kirschfeld, 1972, van Hateren, 1987), resulting in real-time averaging 

of incoming information, which can reduce noise 2.4-fold (60.5) and 

proportionally increase SNR and information rates. 

Finally, although it is tempting to count information directly in terms 

of local contrasts above a certain threshold, the absolute amplitude of a 

graded voltage signal is an important informative parameter, and this was not 

taken into account in our calculations. Whether the promising local contrast 

concept can be developed into a genuine information rate estimator remains 

to be determined in future studies. 
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7 Conclusions 

A new method for estimating information rate – the mutual information rate 

– was developed, validated and tested. The method can be used to study 

information processing in neurons utilizing graded signals, such as sensory 

receptors, and also in any neuron prior to re-coding to spikes (publication I). 

The time delay between the signal stimulating a sensory neuron and 

the neuron’s response is an important biasing factor, which, if ignored, can 

affect the photoreceptor information rate estimates. A novel algorithm for 

reducing the impact of the time delay bias error by adjusting the window size 

allows partial cancellation of the time delay bias error and another related 

error, the random error. This algorithm might be used whenever the 

information content is investigated with methods depending on the 

computation of the power spectrum (publication II). 

The influences of HOC on the information transfer through blowfly 

photoreceptors was investigated in a large-scale systematic study. Contrary 

to the established opinion, HOC in natural signals do not improve information 

transfer by photoreceptors. Instead, the more HOC the stimulus contains, the 

lower the information transfer rate of blowfly photoreceptors. Importantly, 

the actual information rates correlated very strongly with the number of 

encodable events contained in the stimulus, which were determined 

empirically in accordance with the Weber law of physiological signal 

detection (publication III).  
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