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Abstract This work presents a neuroinformatic method for1 Introduction
deriving mechanistic descriptions of fine-structured aéur
activity. This is a new development in the computer-asgiste The applied sciences currently lack an informatic frame-
analysis of dynamics in conductance-based models, which iork to manage the understanding and development of dy-
illustrated using single compartment models of an action ponamical models for complex, adaptive behaviors. The nec-
tential. A sequence of abstract, qualitative motifs isirdd ~ essary combination of insight from data and model analysis
from this analysis, forming a template that is independént orequires computer-assisted strategies as data and hgpsthe
the specific equations from which they were abstracted. Theecome ever more detailed. Existing strategies are typical
template encodes the assumptions behind the model redUgased in machine learning and automata theory, and are still
tion steps used to derive the motifs, and so specifies quanii their infancy (Bradley et al, 2001; Coiera, 1992; Fishvic
tative information about their domains of validity. The tem et al, 1994; de Jong and van Raalte, 1999; Reynolds et al,
plate representation of a mechanism is converted to a hybrigd002; Zhao, 1994, and references therein). This paper sug-
dynamical system, which is simulated as a sequence of lowgests part of a neuroinformatic framework in the context of
dimensional reduced models (in this example, phase plaréetailed neural models. For illustrative purposes we apply
models) with appropriate switching conditions taken fromour analysis to action potential (AP) genesis in single com-
the motifs. We demonstrate the validity of the template orpartment neural models. This is classically described by th
a detailed single neuron model of spiking taken from thespace-clamped Hodgkin-Huxley (HH) differential equasion
literature, and show that the corresponding hybrid systertHodgkin and Huxley, 1952). For a sufficiently large applied
simulation closely mimics the spiking dynamics of the full current parameter, solutions to these four ODEs exhibit an
model. AP due to the interplay between sodium and potassium ionic
currents (Na/K). Specifically, we aim to:
Keywords Computer-assisted modeliniylodel reduction
Qualitative inferenceNeuroinformatics Hybrid dynamical
systems Asymptotic analysis Multiscale dynamics

— Examine the detailed dynamic structure behind action
potential generation involving fast sodium and delayed
rectifier potassium currents.

— Represent this structure according to formal criteriaghvhi
are conserved across models that use different versions

] . o of the spiking currents as well as additional modulatory
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— Provide an explicit definition of a hybrid dynamical sys-
tem to simulate the resulting reduction.
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system into several lower dimensional models and associmakes no prior assumptions about the salient charactsristi
ated algebraic constraints. The constraints provide an exe retain or about the presence of small parameters in the
plicit domain of validity for the reduced models with appro- model, which instead are determined adaptively and algo-
priate initial conditions because they quantify the ungerl rithmically. However, we sacrifice the convenience of a sin-
ing assumptions of the reduction. The computer implemengle (i.e., globally applicable) low-dimensional desdopt
tation of the dominant scales algorithms permits more rapi@nd use a hybrid dynamical systems formalism resembling
hypothesis development and testing of mechanistic descriphe piecewise asymptotic reductions of multiple time scale
tions for systems exhibiting multiple scales, and in paeti  systems.
achieves the results of singular perturbation analysi&{Ec ~ We quantify some heuristic aspects of phase plane views
haus, 1979; Jones, 1994) without the need for paper and pegiuring the AP and gain an intuitive appreciation for what the
For instance, in previous work we reduced ODEs for bio-asymptotically-derived formal regimes mean geometnjcall
physical models of AP generation to sub-systems equivalerind mechanistically. As a result of these refinements to the
to those found by singular perturbation analysis (Clewleydominant scale method we show that the Na/K AP mech-
et al, 2005). Although this was an encouraging validation oknism can be understood as a sequence of two-dimensional
the reduction technique, there were three shortcomings theynamical systems, and furthermore that it can be absttacte
are addressed in this paper: to a sequence of logical rules for the salient dynamicalgban
o ) in the ion channels. We then demonstrate that the set of de-
— The derivation of reduced regimes was based on rougfiymnosed sub-systems from our analysis constitute a suffi-
heuristics and was not algorithmic. , _ciently self-contained “template” description of the AP-dy
— There was no direct determination of a hybrid dynamicaj, 5 yics by coding the regimes and the transitions between
system from the abstract regime descriptions, in order (e intg a hybrid dynamical system model. Simulation of
test the qualitative correctness of the regime descriptiony, ¢ model qualitatively reproduces the desired behavior.

Ey _c#]rec:r]smulat_lon. .  the dominant scal | Decomposing complex systems into template descrip-
— Neiherine previous version ot In€ dominant scalé analgq, ¢ g 5 practical basis for concisely representing, unde
ysis nor the singular perturbation analysis explicitly de-

ine the ti ¢ all variables during th AI:’standing, and designing dynamic mechanisms in biology.
termine the time courses of all variables during the 1f the template is appropriately abstracted from the dediil

In particular, the correct motion of quasi-static slow vari dynamics, it can be a general-purpose description for aimil

a}bles was not explic.it in the derived slow manifold equa'dynamical systems exhibiting similar behavior. The power
tion (Suckley and Biktashev, 2003). The success of th

7 " : ) Bf the template is assessed by testing it on other models, fine
AP.mecha'mlsm is sensitive to t.he precise motion of thesﬁming it if necessary to capture only the most fundamen-
variables in tandem (see Section 4.1). tal aspects of the mechanism across different instances of a

The new approach in this paper allows an approximat@nénomenon.

but explicit description of the slow variables’ motion. Sl
achieved through the addition of new dominant scale quan-
tities that are monitored during the analysis. We introdaice 2 Methods
goal that ensures a rational basis for deriving reducedregji
to find one common regime description across AP modeAll computational analysis and simulation was performed
exemplars. This goal is an objective criterion for regimeusing the PyDSTool software environment for dynamical
derivation through a form of optimization, even though wesystems (Clewley et al, 2007). PyDSTool is a Python-based,
are notyetin a position to automate the derivation. AltHoug open source package that interfaces legacy ODE and DAE
we focus specifically on the part of the dynamics involvedsolvers (in C or Fortran) with tools for symbolic mathe-
with the AP and the regeneration of excitability, our ap-matics, phase plane analysis, optimization, and model con-
proach could be generalized to other common features aftruction. Bifurcation analysis and continuation are alsp-
the dynamics in order to establish objective criteria faith ported via PyCont and its interface to AUTO (Doedel et al,
representation. 1991). PyDSTool makes use of the associated Python li-
In this work we derive the template description from braries Numpy (Oliphant, 2006), Scipy (Jones et al, 2001),
analysis of periodic solutions of the model equations, eitt and Matplotlib (Hunter, 2007). ODEs were solved using the
success of our approach does not depend on periodicity. kdaptive Dormand-Prince dopri-853 integrator (Haireld et a
fact, our approach is inherently apt to analyze transient dy1993). Results were insensitive to moderate changes in in-
namics. The decomposition to piecewise-low-dimensionatlegrator parameters, in particular to absolute and relativ
models differs from traditional a priori reductions of the ror tolerances and event detection tolerances. Full code an
4-dimensional HH model to 2D models such as those ofurther documentation for the calculations described fere
Fitzhugh (1961) or Morris and LeCar (1981). Our approactavailable ahttp://www2.gsu.edu/matrhc/AP.html.



2.1 Single compartment model at timet). V., is available explicitly for the models we con-
sider here and plays the same roleafor a dynamic gating

The membrane potentidl of an isolated somatic compart- variables:

ment is governed by a current-balance equation

dv Vo = Tv gsSPS*Es + gaa> /C. (4)
CE = - z Ilomc + Iapplleda (1) <S€ 1

for a membrane capacitan€e a sum of ionic currents and EG- (1) can now be rewritten in the same form as Eq. (2):

an applied bias current that is possibly time-varying. Eacty,,

ionic current takes the fory = gss& (V — E) for chan- g = (Veo(m,n,h) = V) /Ty (m,n, h). (5)

nel reversal potentidts, maximum conductanag, activa-

tion gating variablsand, if present, inactivation gating vari- Loosely speaking, the reciprocal of any instantaneous time

ables; for some integer powens andq (possibly 1). Simi-  scaler plays the role of a time-varying “eigenvalue” towards

larly, the applied current is formally denotgga for a max- @ time-varying “fixed point” value (the asymptotic targét).

imum current magnitudga = I, and a formal variable any one the values af=m, h,n is allowed to vary, the set

a= 1 for the constant applied current used here. The passiv@f valuesVe(s) forms the respective nullclinbs = Ns(V)

leak current is denoteg]| (V — E;) with a formal activation in the (s,V) phase plane. The nullcline is denotedNy =

| = 1. This non-standard notation makes later mathematic&v (m,n,h). We will introduce a measurement of the phase

definitions uniform at the expense of physiological interpr plane’s autonomy that helps to ensure that the remaining two

tation of the symbols and uniformity in their units. variables will have minimal effect on this nulicline, so tha
The analysis of the action potential (AP) is performedNv ~ Ny (s) for only one variables.

for three different test models, involving only ionic cunte

for fast sodium (with activation variabteand associated in-

activationh), rectfying potassium (with activation variable 2.2 Dominant scale analysis

and no inactivation variable), and a passive leak. The nsodel

exhibit Type | or Type Il excitability properties (Rinzel dn We now describe each part of the dominant scale analysis,

Ermentrout, 1989). Unless otherwise stated, the ionimgati oM the concrete quantitative measurements to the qual-

variabless = m, h,n acting on the somatic compartment are itative templates. For reference, the relationships betwe

given by these parts is summarized in Fig. 1.
3_? = (So(V) —9) /15(V). (2) 2.2.1 Influence of inputs on the membrane potential

If a model treats the fast sodium activation as instantaseoun a slight deviation to the definitions used previously (Gle
then it is instead defined algebraically ms= m,,(V). The  ley etal, 2005, 2009), the dominance (or influence strength)
details of the voltage dependent functions and parameter sedf an input is measured as a sensitivity, omitting a multi-

for the models are given in Appendix A. plicative factor of the gating variable. Thus, we define
Formally, theinput variables to the voltage equation are oV
m,h,n,|,afor the models presented here. For notational uniy4 = —S°° (6)

formity in the definitions of dominant scale analysis, con-
ductance-based inputs to the voltage equation belong to thgy each formal input variable= m,n, h,1,ato Eq. (1). This
index setf; = {m.h,n,1} (Clewley et al, 2005). Due to the gefinition is used because it was found to give greater con-
star-shaped connectivity graph between the dynamic varkjstency between the resuilts for all the models analyzeti, an
ables (see inset of Fig. 4), we focus analysis on the voltagg, petter complement the definition of the rate of influence
equation at the hub, which also contains the physiologicall o  pelow. The time-varying values are computed along
measurable membrane potential variatdleThe instanta- 3 pnumerically computed trajectory for the dynamical sys-

neous time scale of the voltage equation is given by tem. Because of the desired level of detail in our analysis we
_c pecgs 3 treat inactivation gating variables separately to thesoas
v =C/ Sg.l 9sS ’ (3) ated activation variables, and both are explicitly repnéese

in the equations¥; effectively measures the potential effect
The asymptotic target voltage is the membrane potential th@n V., of a relative change in the input currdgto Eq. (1).
would eventually be reached if all gating variables werelhel Given the hub-like connectivity of the dynamic variables,
constant (i.e., the solution @V /dt = 0 at timet for m, h,  there is no need to measure the influenc¥ @hm, h, orn,
andn fixed according to their values on the given trajectorywhich all depend solely ov.



2.2.3 Instantaneous rate of influence and local autonomy

o —— In addition to comparing the relative sensitivity of a tiaje

(Rate of) Influence: W (Q) 4+ tory toall its inputs using#; we also consider which of the
: i A dynamicinputs move quickly enough to maké, change
= quickly. We define the instantaneous rate of influence
Epochs: W & Q 2
1 Ll 1 | | LL m ds avmds
m Qs=Y|—| = | —=— 7
Regimes: W & Q ST dt ds dt ™
1 1 1 1 1 Ll 1
v
o= Motifs “5 on.Iy for j[he dynamic yanablee: m,h,n. In qugls Wherg
\ _—_ - m is defined algebraically we use the explicit time deriva-
2 tive of m=m. (V) in Eq. (7), obtained from the chain rule.
Template v We analyzeQs similarly to Y using the same threshold

S —— 0o to form corresponding dominant scale se#s(t) and
AMq (). The Qs are more appropriate quantities to compare
than the raw velocitiesls/dt because we care specifically
Fig. 1 A schematic summary of the principal concepts used in thisabout the effect of inputs ovf. For instance, whes— s,
paper.Influences¥ andrates of influenceR are time-varying mea- becomes small theths/dt becomes small. However, the in-
surements from a dynamical systems model along a givercto®e  stantaneous effect afon V., depends on the magnitude of

Epochsare derived from relative changest4hor Q values. Many su- e . .- .
perfluous details In epochs can be simplified by aggregaliifisant the sensitivityd4. If 44 is sufficiently large then the effective

changes into a fevegimes The essential changes between regimes ar€hange to/, remains comparatively large. Although com-
abstracted into changes between logivatifs which together form a  paring® values determines that the dynamicpdgentially
template Motifs and templates may focus on specific parts of the dy-influenced bys in a neighborhood of a given trajectory at
namics associated with a qualitative and functional feauch as an 0+ the O values provide a uniform basis for a refined
action potential. The concrete concepts are specific toamphtations . . . .
of a model; the abstract concepts are model independent. analysis that takes into account more information about the
local dynamic inter-dependencies.
Analysis of @7 is crucial to monitoring the autonomy

The algorithm for determining which inputs are mostof reduced 2D phase plane representati@ig) of the AP
dominantis detailed in Clewley et al (2005). It uses a sgalin near a given trajectory segment. When interpreting these
thresholdo to compare the relative magnitudes of theat ~ graphically it is important to remember that tfeequation
every time point. The most dominant input at titneas the ~ only “sees” the instantaneous distaid¢) — Ve (t) and thes
largesty4(t) value. From this, thactive sebf inputs attime ~ equation only “seess(t) — s«(t), regardless of what is hap-
tis the decreasing-ordered séf () of inputs whosé¥ val- ~ pening to the nullclines elsewhere in the picture. Whilesom
ues are all within a factor of the largest value. The largest movement ofNy is inevitable and necessary, meaningful
value at timé is denotedy[1]. Themodulatory set#y(t)  phase plane views involve minimal movement in a neigh-
is determined from the remaining inputs using a second agsorhood of the current value af(t) as measured by2s.
plication of the algorithm. This finds the next largest groupThis situation will be referred to dscal autonomy|f any
of inputs, whoseé# are all within a factor ofr of the most  nullcline crossings are present in such a neighborhood they
dominant inputs remaining. After that, all other remainingcorrespond to what are known gsasi-static fixed points
inputs are considerddactive (gsfp). On the other hand, movement Ny far from the

current value ofV(t) does not affect the local autonomy
of the 2D dynamics and may be essential to the progress
of a mechanism. Nullcline crossings that are not gsfps are

2.2.2 Time scales of response rapidly moving and are referred to hergaguddixed points
in the phase plane.
Using a thresholdy, the relative time scaless/1y of all We recall some helpful facts about any 2D phase plane

inputs associated with differential equations are splio in projection(s,V) of the higher dimensional dynamics, where
fast, order 1 (“normal”) time scale and slow sets, denoted= m,n, or h over a given time interval of the AP. The null-
F(1), A (1), and.(t) respectively. A fast variable has  clineNs(V) is always static in time in the phase plane view
1s/Tyv < 1/y while a slows hasts/ty > y. Whenmis de-  becauses,. is a function ofV only. HoweverNy moves as
fined algebraically it is always i (t). In this context, if a  time evolves due to changes in the non-phase plane variables
variablesis fast or slow its time scale of response to pertur§=m,n, or h (s# §). The goal is to pick time intervals over
bations is fast or slow, regardlessdd/dt. which some choicés,V) provides a sufficiently statidy so



that the dynamics are easily interpreted in traditionalsgha 2.3 Motifs and templates
plane terms. We make these choices by monitoflagQs

along the orbit, switching the phase plane view when an%\ i des the logic of sali d-eff |
such ratio indicates thady varies too rapidly with respect ’ motif encodes the logic of salient cause-and-effect rela-
to0 anys tionships between variables during one regime. Epochs and

regimes are bound to a specific implementation of the dy-
namics by ODEs and DAEs and explicit intervals of time

associated with a given solution to those equations. In con-
trast, motifs do not depend on a particular implementation
of the regime’s dynamics by a specific set of equations and

Changes in the ordering or constitution of any of the domi2re not tied to explicit intervals of time. Good motifs suc-

nant scale sets occur at times referred tepschchanges, cessfully characterize qualitative features of dynamica i

and the constitution of the sets between these times defingg |ghborhqod of the tr.ajectory they were derived frqm. A
motif consists ofdomain rulesthat hold for the duration

hsinth ics. Typically, th h h
epochsin the dynamics. Typically, there are many suc espocf the motif’s validity, andtransition rulesfor determining

over the course of a typical trajectory, reflecting detailed” . : .
changes that may be relatively unimportant. One objectivgz\’hen tq switch to the next.mo'uf. In Fh's simple context mo-
for choosing the scale parameterandy is to minimize the ufs are mherently sequential, Tran5|_t|on rules fora m
number of epochs the analysis creates, although only vaIu?sOt have to remain true for the duration of the next motif un-

of at least 2 generate non-trivial reductions in these nsdel ess explicitly controlled by the next motif's domain rules

In this work we focus on the epochs generated by changes ko gomain rules the primitive predicates about the dy-
in /4y and«/o and consider changes i#f and.#" to have  pamics at time during a motif are described in words as:
secondary importance. Inputs is most dominant in one of the active input sets

As described previously (Clewley et al, 2005), heuristicor .o/ ; input s belongs to any one of the dominant scale
arguments can be used to aggregate similar or short-liveskts; and dynamic inpsthas a fast, slow, or normal (order
epochs into a fewegimesIf well chosen, these regimes can 1) time scale. For transition rules these predicates aeg-int
closely resemble the asymptotically-valid descriptiobs 0 preted as specifying a change, requiring that the predicate
tained by multiple scale analysis. However, heuristieecid  must not hold at the beginning of the current motif. Com-
depend on a user’s subjective requirements for granularitglex predicates can be formed from negations, conjunctions
in the analysis, which may change with emerging underand disjunctions of the primitive predicates.
standing of the reduced dynamics resulting from trial aggre
gations. Additionally, there are limitations in any digere A sequence of motifs connected by their transition rules
categorization of the nonlinear characteristics of smigeth forms atemplate A template provides an abstract, mecha-
varying dominant scale quantities. This means that aggredistic description of the dynamics with a quantifiably verifi
gation possibilities are generally not unique, and thussuse able domain of validity in any given implementation of the
must supervise regime derivation. dynamics.

Tables 2 and 3 in Appendix B show complete ordered  \yg stydy multiple models of AP behavior as a means to
sets ofwy and </ apd their corresponding time intervals ontimize a regime derivation that leads to a common tem-
forthe Type Il Hodgkin-Huxley test model, usimg=y=4.  p|ate description for all test models. Fig. 2 shows the robus
Those time _mte_rvals mtgrle_ave to give the epoch time *”t_erregime aggregations for the Type Il HH test model (these ag-
vals shown in Fig. 2. This figure follows the scheme of Fig.qregations will be derived in the Results). Our template for
1, graphing the specific dominant scale quantities and the rgne Na/K AP will be optimized to hold for three test models.
sulting epoch time intervals for this model. The conven&nc rhs attempts to ensure that only the salient changes in the
of this logarithmic plot is to compare the normalized Scale%ynamics necessary to create an AP will be retained in the

of the quantities in the same way as the implementation ofiescription, and provides an objective criterion to aggteg
the epoch-generating algorithm. Thus, #land Q influ- epochs into regimes for the AP feature.

ence values are normalized at every time point by the largest

of their kind. Epoch changes are caused either when (a) the A template can be seen as defining an equivalence class
normalized¥ values cross the threshodd (variables enter of possible models whose behaviors qualitatively match the
or leavesy), (b) normalizedQ values cross the threshold template rules, although we do not pursue a formal logic
y (variables enter or leave)), or (c) there are changes in approach to analyzing qualitative dynamics here (Cf. van de
the ordering of these sets. (Note that the excursionsebo  Schaft (2004)). At present the optimization is done by hand
in these plots are due to the influences being absolute valuest it is amenable to automated qualitative reasoning and
of derivatives that may pass through zero.) rule mining techniques (Smolinski et al, 2006).

2.2.4 Epochs and regimes
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Fig. 2 (A) A graph of all the dominant scale quantities for the Hadguxley Type Il neuron model. Far = y = 4, the epochs for bot# (solid
vertical lines) and?2 (dashed lines) are shown overlaid. The derivation of regiagean aggregation of certain epochs is explained in theltResu
section. (B) The inset region is a magnified part of the agbatential.

2.4 Hybrid dynamical system simulation and shadowing analysis of the dominant-scale sets during the simulation,
and would be expensive to perform at every time step. For

The transitions between motif states resemble a reductidh€ sake of efficiency, each regime is simulated for a long
of the AP to symbolic dynamics (Lind and Marcus, 1995).time and the resulting trajectory segment is post-processe
These reduced dynamics can be explicitly simulated as @ccording to a vectorized dominant scale calculation of all
hybrid system, which is a dynamical system made up oPoints at once. When the trajectory fails to satisfy the moti
smooth vector fields and state- or time-dependent criterifHes at a switching time, the next regime is initializechfro
for switching between them. Our approach to hybrid systenthe trajectory at that time and the simulation continues Th
simulation is in a similar spirit to other piecewise-reddice linear sequence of regime simulations halts if the nextinoti
model simulations, for instance the “local splitting” of e  transition rule is never satisfied, at which point an errar-co
flnard and Heroth (1996) for chemical kinetic equations withdition is raised. The initial conditions for the simulatiare
multiple time scales. Here, the motif rules directly specif taken from the unreduced system’s trajectory at the point at
the form of the hybrid simulation of the regime models. ThiswhichRi begins.

is an improvement over Clewley et al (2009) where transi- A theoretical justification of an accurate hybrid systems
tions between regimes were first simplified by observatiomepresentation (e.g., van der Schaft and Schumacher (2001)
of emergent thresholds in variable values that corresmbndés not developed here. We present an empirical justifica-
only loosely to changes in the dominant scale sets. Howtion based on comparison of hybrid solutions with solutions
ever, checking the motif rules directly requires contimegal to the unreduced model. The extent of the match between



the solutions indicates the extent to which the system nat-
urally separates into low-dimensional approximations. We ~—

take advantage of the strongly hyperbolic nature of corduct @—
ance-based neural dynamics and our control of changing p

scales througl’ andQ. Control is established according to @

self-consistency arguments that were introduced in Clewle
et al (2005) but were not formalized or implemented until

now, thus ensuring the “composability” of the hybrid sys- m
tem’s components. In particular, the stronger the separati L
in dominance between the chosen variables for the regime o

and those considered modulatory, the better the regime cap-
tures that part of the dynamics. Also, rapid changes in the — ‘
constitution of the dominant scale sets ensure that theitran

tions between regimes are relatively discrete (i.e., sapdr Fig. 3 A schematic representation of shadowing for the first epdch o
he Type Il Hodgkin-Huxley model’s periodic orbit, in whichs dom-

by small boundary layers) and therefore well defined as hyit'nant andmandh are held constant in the dynamics of the obseied

brid simulation transition events. The shadow variablem andh evolve according to their original equa-
tions except that they are driven by and output to the equation for
A complicating aspect of the self-consistency argumentsghe unreduced ODE Eq. (9) f&f"> Dominant scale analysis is per-
is the continued need to represent the dynamics of variablégrmed on Eq. (9) to determine when the reduced model cead®s t
& not present in a regime. We may not ignore the dynamYaid-
ics of Shecause the evolution equations are only effectively
decoupled in one direction. In the simulation of Eq. §1) “can verify, through the hybrid model, that they are not nec-
values are either held constant from their last value in th@ssary to recreate this part of the unreduced dynamics.
previous regime i6 % .%#, or slaved according t8= &.(V) As depicted in Fig. 3, the 2D reduced model for this
if $€ .%. These reductions reflect the lack of dynamic influ-epoch would be

ence ofs’'on V. In the other direction of coupling they are a4V

effectively slaved to the changing and theivV-driven dif-  —— — (V,,(my,n,hg) — V) /v (Mo, n, ho), (8)
ferential equations must be monitored. The monitoring fa- t

o . . . dn
cilitates an ongoing dominant scale analysis of an unregiuce — = (n., (V) —n) /1n(V),

version of EQ. (1) in terms of a new variab\&* |n partic-
ular, this equation involves asymptotic target and timéesca augmented by the shadow system
terms based oall the input variables, i.es values from the

'shadow

reduced regime equations asddlues from the shadowed = (Veo(m,n,h) — V" /7, (m,n, h), 9)
dynamics. Dominant scale analysis determines whersthe ~

variables will re-enter the hybrid dynamics in a later regim — = (Mx(V)—m) /Tm(V),

of the sequence, at which time an updated value of their state gth

to re-initialize the simulation is crucial. pr (he(V) —h) /Th(V).

As a simple illustration, consider making a reduced modgy intial conditionsV (0) = V="(0) =V, m(0) = my, n(0) =
for the single epoch overe [0,5.16] for the Type Il HH ) 'h(0) = h taken from the known periodic orbit at time
model (see Appendix A). This is time interval 1 of Table 2,9 the epoch's start time. Modular model specification tools
forwhich.ay = {n}, .#y = {m,a,1}. Heremandhareheld i, pypSTool allow the symbolic equation structure of the

constantin the reduced model but are also shadow variableg;odels to be efficiently modified to create the shadowing
the evolution ofnis tracked so that in the subsequent epochyng reduced version of the equations.

it joins <4y andh must be tracked in case the dynamics of

the reduced mod&f causeh to become an active variable.

a andl correspond to passive input terms and do not requir@ Results

shadow equations in order to track potential changes im thei

influence. In this particular epoch,and!| are not inay, Here we develop a template tuned to three variants of the
and so need not be included in the right hand side of thélH equations that exhibit Type | and Type Il excitability
equation foV at all (formally, we sea=1=0in Eq. (4))). (Rinzel and Ermentrout, 1989). We study the classic Type
Although the computational cost of retaining the leak andl HH parameter regime for the giant squid axon (Hodgkin
applied current is minimal, it is physiologically meaningf and Huxley, 1952), a Type | variant of the HH model for an
to consider whether they play a significant role. Thus, wenhibitory cortical interneuron (Kopell et al, 1999), artdet



Wang-Buzsaki (WB) interneuron model (Wang and Buzsakiadditional regimes that allow an explicit, self-contairekd
1996). For clarity, a phase plane analysis of the possible rescription of the AP dynamics amenable to a hybrid system
duced sub-systems across multiple epochs is discussed simulation. Our analysis of an AP will therefore contain a
the context of the Type | HH model. The story is similar total of five relevant regimes, label&}Ry. We do not fur-
for the other models. This exploration leads to logicalkerit ther investigat®&®,, and the subsequent dynamics of the inter-
ria for defining robust regimes from the epochs in all threespike interval because it does not involve a dynamically in-
models, and hence a common template. Finally, the templateresting interplay between currents, and has already been
is successfully tested on a complex model of a tonic spikingliscussed in Clewley et al (2005).
neuron that is taken from the literature. Although our analysis was performed on all three mod-
A coarse pattern of changes in influence along the periels, we now focus on the specifics of these observations
odic orbits of Hodgkin-Huxley type models is known from for the Type | HH interneuron model, as it decomposes to
previous dominant scale and asymptotic analysis. For inphase plane models most cleanly. Figs. 4, 5A and 6 show the
stance, in Clewley (2004) and Clewley et al (2005) the APphase planes for the upstroke, peak/plateau, and dowestrok
for the Type | HH neuron was reduced to three 2D regimegrespectively) of the AP in thém,V) view. Each shows
using changes i only. The first regime of those analyses consecutively numbered snapshots of the moving nulicline
involves the spiking threshold and upstroke behavior domNy (m;n,h) in red at equally spaced times over the indicated
inated by the fast sodium current. The regime captures théme intervals. The green curve shows the projection of the
pre-spiking “slow passage” effect of being near the ghosperiodic orbit to this subspace and time interval. Taken to-
of a saddle-node bifurcation (Strogatz, 2001), as discussegether the trajectory segments in these figures connect to
below. Herem € .#, while h andV are the only dynamic give the entire time course of andV through the coarse-
active variables. The modulatory dynamicsadct to carry  grained second regime of Clewley (2004), also shown to-
the system to the second coarse regime. This regime encomether in Fig. 7. To refine the coarse AP regime, we aggre-
passes a sequence of interactions between the sodium agate epochs until a significant change arisesin or «7q,
potassium variables, and describes the remainder of the upnd repeat this process until the coarse regime’s changes ar
stroke, the peak/plateau and downstroke phases of the ABompletely accounted for.
These interactions require a pattern of saddle-node laifurc ~ The primary observations that allow the refinement to
tions to occur in the (m, V) phase plane in a timely fashionthree new regimes can be summarized as follows. During
driven by quasi-static changesrinh € .. This is the only an AP peak/plateaum ~ m. (V) so thatdm/dt ~ 0. Thus,
regime that is incomplete as a component of an explicit hyQ,, =~ 0 and we can temporarily neglect thredynamics as
brid system model for the AP, because the motionafdh  static while the slow variablasandh each spend some time
is not determined explicitly. The last regime correspomds t as the most dominant variables that are moving significantly
the action of the delayed rectifier potassium in the recoverfventually,m leaves the vicinity oim, (V) and again be-
after the AP. comes the most dominant moving variable.

3.1.1 Building the refined phase plane regimes
3.1 Deriving AP epochs and regimes

According to the definitions in Section 2.4, we seek a se-
Dominant scale analysis of periodic, tonic spiking tragect quence of 2D regime models for the AP. Each will consist
ries for the three test models was performed using scale sepf equations fol/, VS"adoW the most active dynamic vari-
aration parameterg andy set at several values between 2 ables (according to eitheW’ or Q, as detailed below), and
and 6. Final values were selected based on two criteria: (X¥he remaining shadow variablest’s. The phase plane for
the ease with which a common template could be derivedach model will therefore b,V ). The two passive currents
for all the models, (2) that the template captures enough déthe leak and applied current) are only retaine&jinwhere
tail in the slow motion oin andh through an AP that they they play a role in the depolarization that initiates the AP
can be described explicitly in a hybrid model. In generaldynamics.
appropriates andy values may be dependent on the model, We begin buildingR, att = 8.1514, where we first find
a particular parameter set, and choice of initial condgion thatV,, is most sensitive tm(m= «y[1]), and thammoves
The resulting dominant scale sets for the choicesy=4  V,, most dominantlyifh= /5[1]). Thus, the appropriate 2D
are listed in Tables 4-7 of Appendix B. view for R is (m,V), in which there is a single gsfp for

Our novel use of2, the rate of influence measure, will largeV (Fig. 4). WhenV depolarizes fullydm/dt becomes

further resolve epoch changes through the second coarsmall. At the same time, the growing modulatory effect of
regime, expanding it into three refined regimes of only twon € .#Zy on Ny is occurring far from them(t),V (t)) val-
dynamic variables each. This is the minimum number ofues on the trajectory. Indeed, we can observe in Fig. 4 that,



for any of the three instances af(t),V(t)) shown on the
trajectory, the relative motion &y (t) above those points is
small. ThusNy remains locally autonomous, as defined in
Section 2.2.3. The changesirause a saddle-node (SN) bi-
furcation far from(m(t),V (t)), creating pseudo fixed points

in the phase plane. (We note for later that this must not occur

until V is sufficiently depolarized that it will not get trapped

on the hyperpolarized side of the unstable fixed point.) The

dominance ofm decreases untityp, changes anth most
strongly affectdNy. This corresponds to changing the order
of the elements in#g from {m,n} to {n,m} (from interval

7 to 8 of @p in Table 5), and we change regimeRyp at

t =14.0781.R, incorporates intervals 8—13 ofy (Table 4)
and 5-7 ofe/p. Because intervals 8 and 9.o4y include the
passive inputa andl, they are retained iR, .

During the voltage peak dR; we know thatn andh
moveV,, until V sufficiently passes the knee b, in the
(mV) view. However, we see in Fig. 5A thaly (m;n,h)
varies significantly over the time intervidi4.0781 14.4900
in this view. The motion oY, is problematic because it cre-
ates a pseudo fixed point ne@n,V) = (1.0,40). Instead,
the appropriate 2D view ovdi4.0781 14.3623 for Ry is
(n,V), where there is a gsfp neén,V) = (0.8,—-40). R,
incorporates intervals 13-15 ofy and 8-10 ofeZy. This
continues untih dominateszy, (interval 10 into 11) and we
beginRy, . The appropriate 2D view ov§t4.3623 14.490(Q
for Ry is (h,V) with a gsfp neafh,V) = (0.1,—40). This
incorporates intervals 15-16 oy and 11-12 of#, . Figs. 5B
and C show the appropriate phase plane views in wNigh
varies little with respect to the unrepresented varialdlas.
relative autonomy of these views clarifies their interpiieta
as simple attraction towards a gsfp.

The regime changes &y whenm movesV,, so rapidly
thatm = &/ [1]. Thus, inRy the appropriate 2D view is
(mV), shown in Fig. 6. As required by the mechanism,
the effect ofn andh on V, is weak near the knee ™,
where there is local autonomy. Thi4, can be trusted not

0.0 0.2

| |
Fig. 4 A sequence of three instances in time during Regime | of the
AP during a periodic orbit from the unreduced Type | intemoau
model (period 15.1128 ms). The instances are equally spadade
over [8.151414.078] (endpoints included). The movingy (m, h,n)
is shown in red, the statidm(V) in black. The trajectory portion is
shown in green with the value of the variables at the timeaimsts
shown as green circles. “Fixed points” of the phase plantesysire
shown by black circles (filled: stable, open: unstable). et net-
work diagram shows the effective connectivity of the sysguming
this regime (dashed arrows signify weaker influence).

to change rapidly in a way that might prematurely restore-jg g A sequence of three instances in time during Regime IV

the three fixed points through a SN bifurcation and tvap
permanently at a depolarized level. As a resJltslowly
passes the knee (the ghost of the SN) then rapidly descen
towards the hyperpolarized fixed point. The remaining effec
of nandhis to bend\y at depolarized levels to recreate the
pseudo fixed points dR, . This ensures that fully depo-
larizes and the system regenerates to an excitable state,
corresponds to the transition to= %y [1] Thus,Ry holds
fort € [14.490Q 14.859§, incorporating intervals 16—20 of
Ay and 13-16 ofe/. The subsequerRy is not analyzed
here.

The portion of the original periodic solution of the model

of the AP during a periodic orbit from the unreduced Type | in-
terneuron model. The instances are equally spaced in tinee ov
HéAQOQ 14.8596 (endpoints included).

3.2 Deriving AP motifs and template

%he entry condition for the template is that Rf, namely

m= o[l Am= p[l]An € #q. The last term of this
conjunction helps to ensure thatwill increasingly mod-
ulate and eventually become dominant Ryr. The choice

of predicate rules for the AP template were hypothesized to
closely follow the explicit sequence of changesdfy and

equations through the phase plane pictures can be seen in thg described above for the Type | HH model. However, the

dotted lines of Fig. 7.

exact order of these changes and the exact details of the cri-
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Fig. 5 A sequence of five instances in time during Regimes Il andhtbugh the peak of the AP during a periodic orbit from the dooed Type |
interneuron model. The instances are equally spaced inaveig14.0781 14.490(0 (endpoints included). (A) The non-autonomdusV) phase
plane. (B) The relatively autonomous phase plam&') between instances 1 and 3. (C) The relatively autonomousepplane(h,V) between
instances 3 and 5.

teria were observed to differ between the test models. Man$.3 Hybrid dynamical systems simulation
minor adjustments were made to generalize the rules so that
they fit all the test models, but here we present two examburing the above analysis we noted self-consistency con-
ples: ditions that ensure the sequence of changegjnand.«/
) happen correctly: e.g., that a certain SN bifurcation oemlir

(1) For the Type | HH model it was observed that  pefore the end of a regime. We hypothesize that it is suffi-
andn remained iny throughoutRy . This was hypothe-  ciant to monitor the shadow variables and the dominant sets
sized to be a necessary condition for the downstroke of thﬂuring each phase plane regime model in order to qualita-
AP and encoded as a rule. However, this did not hold i ey reconstruct all the necessary dynamic changes in se-
the WB model, where the largesh,/ %, ratio was approxi- - q,ence. According to the hybrid systems definitions taken
mately /10 during the downstroke. By relaxing the domain{om the piecewise-reduced regime models described above,
rule fromme o tome iy Vme .Zy, and using 8 sim- 5| three simulations of the neuron models successfully ex-
ilar relaxation forn, the rule accommodated the difference o ted an AP and returned to a recovered state consistent
between models and therefore became more generally appfjjit tonic spiking over a comparable time interval (Fig. 7).

cable. All variables s'not present in the regime had their values

(2) hwas hypothesized as necessarilyAwhile it acted h_eld_ constant in .Eq. (1) at their init'ial values for the regim
as the “quasi-static” bifurcation parameter in theV ) phase- (indicated b.y.sohd squares in the f'Qures)- .
plane picture. This assumption did not hold for the WB model, All transitions between the motif models happened via

wheret, ~ 1v. Instead, it was sufficient to require thiat the transition rules, not by the breaking of domain rules.
never joins%. This is further confirmation of the dynamical similarity be-

tween the models and the adequacy of the template. The lack

Fine-tuning the rules by hand in this way yielded theof smoothness in the connection between hybrid trajectory

motif sequence in Table 1. The model APs robustly fit thissegments is to be expected, and reflects the level of gran-
template when varying or y by up to 25%. In all the test ularity in the analysis and the quality of the regime reduc-
models, regime& —Ry correspond to asymptotic regimes tions. Thus, we made no restriction that trajectory segment
derived in the literature for these or similar models. connect smoothly, which would mainly serve aesthetic pur-



11

time (ms) n

Fig. 7 Comparison of voltage traces and phase plane projectioneafth unreduced and hybrid model analyzed. The dashed tshosv a
portion of the periodic trajectory of the unreduced systbrough Regime IV. Solid traces show the correspondingdtajg of the hybrid system
simulation. Markers indicate the start, end or transitietween the 4 successive motifs. The left column shé\@s, the middle column shows
the (m,V) phase plane, and the right column shows (& ) phase plane. Due to some variables being held constant ia segimes, the solid
trajectories in the phase plane views are discontinuoussu(A) Type | interneuron (period 15.1128 ms). (B) Type tddkin-Huxley (period
17.0882 ms). (C) Type | Wang-Buzsaki (period 8.3756 ms}.aBeem follows an algebraic equation as a functiorvoin this model, thm,V)
plane does not show an open loop. (D) Type | heart internenmaafel (period 141 ms).
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Table 1 Domain and transition motif rules making up the AP templatel the appropriate phase planes in which to view the reddyeamics.

Motif | Phase pland Domain rule | Transitional rule
I (m, V) me Ay n=wp[l]Anes
Il (n, V) ne dy Am¢ gy h¢ FAan¢ 7 h= /(1]

I} (h, V) (me gpyVvme A#y)A\(ne dyVne dy) | m=ap[l]
ANh¢ FAng F
\ (m, V) m¢ oo

poses. However, the decomposition of the Type Il HH modek#y or became normal speed, respectively. The resulting hy-
to a hybrid model of 2D regimes is less distinct than thatorid dynamics (Fig. 7D, solid line) show that the essential
for the Type | models, making the trajectory segments conpattern of the template holds with only the three primary
nect noticeably less smoothly (Fig. 7B). Greater smoothinessariablesm, h, andn.

could be achieved by permitting at least one 3D reduction in

the sequence, for instance.
4 Discussion

This work has demonstrated a neuroinformatic technique for
inferring and comparing the functional properties of diffe
ent models of similar phenomena using logical structures
motifs and templates). We used the algorithmic implemen-

3.4 Testing the template on a complex spiking model

We now test the fit of a more complex model to the AP

template, using a 14-variable ODE model for an isolateqytion of dominant scales analysis to derive reduced-order
leech heart interneuron known as HN (Cymbalyuk et alyqgels of the dynamics along similar principles to singu-

2002). This model is a good test due to the complex Mixyqy perturbation and asymptotic analysis. The abstraction
ture of currents and the different time scale for AP producyjitative motifs from these sub-models encoded wellvwkmo
tion (its spiking period is 141 ms compared to 8-15 Ms ipsights into the sodium-potassium action potential (Na/K
the previous quels). Pargmeters fqr its Type | tonic sg|ll<|n AP). For instance, we observe that the deriReeR, corre-

state are given in Appendix A.4. This model contains eight,ond 1o Phases 1-2 (upstroke and then plateau) of Borisyuk
d_lstlnct ion c_han_nels mvolylng soc_ilum, potassm_m, and calgnq Rinzel (2005 andRy constitute two parts of Phase
cium, with kinetics spanning a wide range of time scaless (downstroke): andRy corresponds to Phase 4 (recovery).
Several of these channels are responsible for the control fohe mechanistic roles of the fast sodium and slow (recti-
bursting activity (existing in a different parameter re@im  fing) potassium currents were shown to persist in models
and as such were not expected to play a role in the onig;ii gitferent excitability properties and in the context o
spiking AP. From the sequence of epochs derived by domigyong modulatory currents. The use of motifs offers excit-
nant scale analysis the conductance of the K1 potassium Cyfq hossibilities for improving model analysis and optiaiz
rent was identified as the primary AP recovery variable (thgjop, in the context of experimental data and designing novel
product of thg activation and (slow) |nact|vat'|on variable ,dels for mechanisms. Our approach can also be used to
together playing the role af). The K2 potassium current gy,4y more complex dynamics in networks and with neurons

also has a minor role in recovery but was hypothesized tgy5; exhibit bursts of APs, where intuition is less clear and
be inessential to the basic AP mechanism. As expected, thgore parameter tuning by hand is less practicable.

fast sodium current was identified as responsible for the AP
onset (with activatiom and inactivatiorh).

The motif sequence in Table 1 was successfully eval4.1 Comparison to singular perturbation analysis of an AP
uated along a tonic spiking periodic orbit (Fig. 7D, dotted
line) with no changes to the template. However, because @ingular perturbation analysis of an excitable system with
the large number of modulatory inputs not present in the teshultiple scales requires that “slow” variables (such as the
models, two minor additions to the template were needed igating variables or h) act as bifurcation parameters in the
order for its corresponding hybrid system of 2D regimes td‘fast” sub-system reduction of the dynamics (involvivig
successfully simulate an AP: (R started only when the andm) (Jones, 1994; Rubin and Wechselberger, 2007; Suck-
non-spiking modulatory inputs had either le#fy (for the ley and Biktashev, 2003). In this formal analysis, the fast
persistent sodium current) or had become slow for the dusub-system is a family of phase portraits(af,V) as the
ration of the AP (for the K2 potassium current, which re-variables(h,n) are slowly varied along the AP trajectory as
mained low inezy for the o andy used in analyzing the test if they were parameters (henqaasi-stati¢. To ensure that
models). (2)Ry completed when these variables rejoinedthe AP evolves correctlyyandh must be precisely varied in
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combination to cause the correct pattern of saddle-node bi- The work of Ermentrout and Kopell (1998) shows an
furcations in the family of phase portraits at the right tine early example of deriving a mechanistic description for the
with respect to the changing state\bfandm, and so prop- synchronization of a small biophysical neural network.ifhe
erly generate an AP. In contrast, here we demonstrated amalysis suggested a detailed set of logical steps that de-
explicit determination of the dynamics of and h during  scribe the origins of a stable, synchronized state in terms
this critical period, albeit at the expense of complete mathof the timing and effect of individual APs. In doing so they
ematical rigor. The domain of validity conditions and tran-made several assumptions that are not explicitly verified by
sition rules of motifs provide helpful quantitative infoam either mathematical theory or numerics. Nonetheless, the
tion about the degree of perturbation possible from the sinene-dimensional spike time difference map they deriveahfro
gular limit and how to switch between asymptotically valid these assumptions accurately predicted the rate of synchro
regimes when approximating the low dimensional nature ofization in the system as parameters were varied. This is
the dynamics using a hybrid system model. indirect validation of the assumptions, although the map ha
no explicitly defined domain of validity. It is therefore @ar
solved as to how far from synchrony the map applies, which
assumptions will fail when initial conditions or parameter
are varied far from their original values, or why those as-
sumptions fail.

A growing problem in neuroscience is the holistic integra- It ml:ft be strzssed r:.hit a _template "Z only a? goodAas
tion of detailed knowledge about small-scale component e conditions under which it is expected to perform. As

with systems-level and behavioral knowledge (for instancepart of an iterative learning process, a template can be mod-

see Villoslada, Steinman, and Baranzini (2009)). A major"clecj to accommodate new information about the dynam-

hurdle in attempting this is the adequacy of natural Ianguag'cs further from the “training” trajectory, particularlybaut

descriptions of causal mechanisms at any level of anal)}jﬁw a n&odel can fgul FO elicit feattijreslwr;en paramfters are
sis. Such descriptions are crucial in hypothesizing fuometi changed or perturbations are made. In future work our ap-

roles for ion channels in a somatic compartment, the der]r_)roach WiI_I be 'expandeq to small network scenarios where
dritic structure of a neuron, the connectivity of a whole-net the changing time of arrival of AP pulses between neurons

work, or dynamically changing large-scale network acgfivit dhurlng a(’;ran&ent may causz_?rlﬁerent m(_)ft'f rlulehs to ffman
These descriptions involve a sequence of logical condition{"US Produce a transition to different motits. In that c t

about the salient interactions between variables at argngiv paths to d|ff(_arent glc_)bal dynamical °‘_“_°°mes form a n_et—
instant. work of possible motif states and transitions. An applimati

- o . of this would be to map the valid parameter domain for a
Unfortunately, mechanistic descriptions involve many as-

sumptions, the technical details of which may not be easglobaI coherentactivity state satisfying a certain terepby

ily addressed in natural language terms. Although these dcomputmg the hyper-surface in parameter space on which

scriptions can lead to testable hypotheses, this shortcon%lhetemplate rules fail.

ing can become most problematic when attempting to in-

tegrate knowledge at multiple levels, in particular to gen-4.3 Application to model optimization and design

erate a unified model of a system (Dickinson et al, 2000;

Edwards, 2010). The approach espoused in this work is t& major goal in contemporary computational neuroscience
use algorithmic tools to more reliably define mechanistids to achieve more effective model design and optimization
hypotheses about biophysical processes described by-diffédoased on qualitative specifications. Neural models and data
ential and differential-algebraic equations. Inspiredoby-  are becoming ever richer. As a result, an approach based on
vious heuristic approaches (such as Ermentrout and Kopajjualitative specifications will improve the fitting of a pbor
(1998)), as well as established approaches in computer sainderstood model to experimental data, and aid in the infer-
ence involving qualitative reasoning and formal verifioati ence of mechanistic motifs that drive qualitative reasgnin
(Coiera, 1992), we describe causal mechanisms here asaad computer-assisted synthetic modeling of new models.
self-consistent logical narrative using reduced reginmé va The optimization algorithms at the heart of such methods
ables and formalized inter-relationships. More poweftfalt  may be global or local in nature.

a static description in natural language, this view is inher  Global optimization methods such as evolutionary algo-
ently dynamic as it can be embodied in a hybrid dynamicatithms (Achard and De Schutter, 2006) or brute force search
simulation that explicitly validates its underlying asguim (Prinz et al, 2004) are useful for exploring large parameter
tions. (This is the same way that any natural language despaces, especially when fitness function gradients ardypoor
scription becomes more explicit when it is simulated as alefined or conditioned. However, global methods may ne-
mathematical model.) glect useful information in the local parameter sensifioit

4.2 Application to integration of levels of analysis in
neuroscience
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A.1 Classic Hodgkin-Huxley model Table 2 Ordered sets of active and modulatory variables during one
period of the Type Il HH model orbit, usir. x5 denote € .7

am = 0.1(V +40)/(1— exp(—(V +40)/10)) | Time interval | B2
Bm = 4expg—(V +65)/18) 000516 s o
ap = 0.07exd—(V +65)/20) [5.26: 9:16] nSm a,7h57,l
Bn = 1/(1+exp(—(V +35)/10)) [9.26,1286 | mnS hS,a

an = 12.96,1304 | mnShS | l,a

1310,1330 | n"SmhS | |
13.34,1357 | n5hSm | |
1361,1377 | nS,hSm° | |

[
Bn = 0.125exg—(V + 65)/80) %
[
[13.80,15.25 | hS,nSm° | |,a
[
[
[
[

Parameter valuegia = 120,gx = 36,9 = 0.3,Ena = 50,Ex = —77,

#

1

2

3

0.01(V +55)/(1— exp(—(V +55)/10)) 4
5

6

7

EL = 544, lyea=8,C = 1. 8
9

1531,1549 | hSmnS | al

oo 10 | [1555,1561) | mnShS | al
A.2 Wang-Buzsaki interneuron model 11 | [1566,1571 | nSm hS,a,l
12 | [15.78,1597 | n® m,a,l
am = 0.1(V +35)/(1—exp(—(V +35)/10))
Bm = 4exp(—(V +60)/18) Table 3 Ordered sets of active and modulatory variables during one
ap = 0.35exg—(V +58)/20) period of the Type Il HH model orbit, usin@. x° denotex € ..
B = 5/(1+exp(—(V +28)/10)) # | Timeinterval | o | Ao
an = 0.05(V +34)/(1—exp(—(V +34)/10)) < S
1 0.00,6.06 h
B — 0.625exgi—(V +44)/80) : {6 200 26} " "
Parameter valuegina = 35,0« = 9,9. = 0.1,Ena = 55,Ex = —90, 3 | [7.36,8.06 m,7n5 hS
Bl = —65 lppiea= 25,C = 1. 4 | [8169.46 | m nS,hS
5 | [9.56,11.86 | mnS hS
o 6 | [1196,1315 | m nS,hS
A.3 Alternative interneuron model 7 | [13221334 | mnS hs
8 | [1337,1342 | mn3hS
U = 0.32(V +54)/(1— exp(— (V +54)/4)) o Hgg? iggg oy
.57,13. n>,h>m
an = 0.128exg—(50+V)/18) 12 | [13.96,14.25 | hS,nS ms
Bn = 4/(1+exp(—(V +27)/5)) 13 | [14.28,14.39 hig]ssmz
_ 14 | [1441,1457) | hS,m>n
an = 0.032(V +52)/(1—exp(—(V +52)/5 ) e
" A )/ A )/5)) 15 | [14.62,14.84 | mS hS nS
Bn = 0.5exp—(57+V)/40) 16 | [14.89,15.25 | m® hS,nS
Parameter valuegjy, = 100,gx = 80,9, = 0.1, Eya= 100,Ex = —100, 17 | [1531,1566] | m hS, nS
EL = —67, lappica= 2,C = 1. 18 | [1571,1578 | mnS hS
19 | [15.88,1597 | n® m

A.4 Leech heart interneuron

The details of the channel kinetics are given in Cymbalyu#d €2002).
All channels are given by the standard Hodgkin-Huxley fdisma.
The parameters for the tonic spiking regime of the HN interae
model were:g. = 8.0,E. = —60,0car = 5,0cas = 3.2,Eca = 135
Ok1 =100, gx2 = 80,gka =80,Ex = -70,gn =4,E4 =21, 0p =7,
Ena = 457 ONa = 200> Iapplled: 0>C =0.5.

B Dominant scale sets for the original neuron models

The o4y and .« sets for the periodic orbit of the Type Il Hodgkin-
Huxley model are shown in Tables 2 and 3, usimg= y = 4. The
time intervals for each epoch are not contiguous due to therete
time points from the numerically computed periodic orbibwéver,
the dominant scales method does not require the transttidves com-
puted more accurately. A graphic view of these transitioreslaid on
the periodic orbit is presented in Fig. 2. Corresponding &etthe Type

| HH and Wang-Buzsaki models are shown in Tables 4-7. Inethes
bles, variables are labeled fast or slow only if they belang?t or .
for the entire epoch. All times are shown to the nearest 1M60
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Table 4 Ordered sets of active and modulatory variables during oneTable 6 Ordered sets of active and modulatory variables during one
period of the Type | WB model orbit, using. x5 denotesx € .77, x°

period of the Type | HH model orbit, using. xS denotesx € .7, xF

denotexx e .#.

# | Timeinterval | | Ay
1 [0.00,0.35 | n l,a

2 [0.45,1.15 | nf a,l

3 | [125155 | nf,al mF

4 [1.65,1.95 | al,nf mF

5 [2.05,4.15 | a,l nF,mF
6 [4256.79 | I,a mF

7 [6.85,8.059 | l,amF | nF

8 [8.159.65 | mF l,a | nf

9 [9.75,9.85 | nf,I l,a
10 | [9.951365 | m" nl,a
11 | [1375,1394 | mF,n I,h
12 | [1397,1399 | mn hS,|
13 | [1401,1419 | n>m h,l

14 | [14.20,14.28 | nSmhS | |

15 | [14.29,14.45 | nShSm | |,a
16 | [14.47,1463 | hSnSm | a,l

17 | [14.66,14.68 | mnShS | l,a
18 | [1470,1473 | mnShS | 1 a
19 | [1475,14.77) | mnS hSl,a
20 | [14.81,14.86 | nSm ml,a
21 | [14.90,151Q | n l,a

Table 5 Ordered sets of active and modulatory variables during one
period of the Type | HH model orbit, usin@. xS denotesx € .7, x©

denotex € .%.

denotexx e .#.

# | Timeinterval |

|

1 | [0.00,0.58
2 | [0.680.98
3 | (108128
4 | (138178
5 | [1.88238
6 | [2486.08
7 | (618634
8 | [6.39.6.49
9 | (650,652
10 | [6.536.54
11 | [6.56,6.57)
12 | [6.59,6.71
13 | [6.74,6.80
14 | [6.84,6.90
15 | [6.957.22
16 | [7.28,7.34
17 | [7.41,7.46
18 | [7.558.35

nF

nF nf
nF,m,a,l
mt,nF,al
mF,nF
nF

m,n
m",n,h
n,m",h
nS,m",h
nS h,mF
n,h,mF
h,n,mF
h,n

h

h,n,mF
n,m",h

n

F
m,al
al
hF
hF
l,a
nF,l,ah

mF.a,l

Table 7 Ordered sets of active and modulatory variables during one
period of the Type | WB model orbit, using. x5 denotesx € .7, x°

denotexx e .#.

# | Timeinterval | | Ao
1| [0000.35 |n m",h
2 | [0.45385 | nf m"
3 [3.954.05 | nF,mf hF

4 | [415435 | m,nF | HKF

5 | [4451394 | mf n

6 | [1397,14.08 | m n

7 | [140214.07 | mnS h

8 | [14081412 | n°m hs

9 | [14131417 | n® hS,m
10 | [14.19,14.35 | nShS m

11 | [14.36,14.43 | hSnS m

12 | [14.4514.47) | hS,mnS

13 | [14.49,1454 | mhS hS, nS
14 | [1455,14.75 | m nS hS
15 | [14.77,1481 | mnS hS

16 | [14.86,15.10 | n m

# | Timeinterval | <7

Bz

0.00,1.28|
(1.38,1.68|
(1.78,2.18]
2.28,6.53
6.54,6.56]
6.57,6.59
6.60,6.84]
6.90,6.95]
[7.05,7.12|
7.18,7.34)
[7.41,7.46)
[7.55,8.35

B e
SEBoo~oorwNR

nF

nF . nf
m",nF
nF
mF,nS h
n,h,mf
n,h

h,n
m",h




