
Sabancı University Program for Undergraduate Research (PURE) Fall 2020-2021

SYSTEM-THEORETIC ANALYSIS OF NANO
COMMUNICATION SIGNALS

Zeynep - Tandoğan zeyneptandogan@sabanciuniv.edu

Computer Science and Engineering & Electronics Engineering, Junior

Emirhan - Uçar emirhanucar@sabanciuniv.edu

Electronics Engineering, Junior

Esra Ceylin - Bormalı cbormali@sabanciuniv.edu

Electronics Engineering, Junior

Muhammed Orhun - Gale morhun@sabanciuniv.edu

Computer Science and Engineering, Sophomore

Suzan - Kanıgür suzankanigur@sabanciuniv.edu

Undeclared/FENS Sophomore

Ozan - Biçen ozan.bicen@sabanciuniv.edu

Electronics Engineering

1

mailto:zeyneptandogan@sabanciuniv.edu
mailto:emirhanucar@sabanciuniv.edu
mailto:cbormali@sabanciuniv.edu
mailto:morhun@sabanciuniv.edu
mailto:suzankanigur@sabanciuniv.edu
mailto:ozan.bicen@sabanciuniv.edu


Sabancı University Program for Undergraduate Research (PURE) Fall 2020-2021

Section 1: Chemical Reaction Prediction and Molecular Communication

1 Introduction
Molecular communication has become a key transformative paradigm in the communication field

especially in the last 10 years. The definition of a molecular communication system is that it is a
system that uses absence or presence of the molecules that are involved in the process. ıts focus is on
the modeling, characterization, and engineering of information transmission through molecule
exchange, with immediate applications in biotechnology, medicine, ecology, and defense, among
others. (Akyıldız, Pierobon, 2019)

Since the main focus of molecular communication is molecular propagation and reactions, randomness
is definitely included in the calculations. The randomness types such as random walk and the events in
which they are observed are included in the chart above. In short, molecular communication is
supported by chemical kinetics and statistical mechanics and modeling.

The chart that is given above shows a diffusion based molecular communication system. In this
project, our aim is to follow steps similar to the ones in the above and analyse the results. While doing
this, we will take our reviews one step further by making prediction with machine learning algorithms.

2. Chemical Reaction Prediction and Molecular Communication
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2.1. The analysis of the concepts with articles

During the project process, we read many articles about the project and its concepts, which require
detailed information. The details that we will note here are the parts that we have learned throughout
the project, and they have played an important role in developing the project in our mind.

● [1] Modeling and Simulating Chemical Reactions - Desmond J. Higham

This article forms the basis of our project in terms of information.

Let’s say we have N different types of molecules (chemical species) and these molecules may take part
in one or more of M types of chemical reactions. 

Our first aim is to follow or observe the amount of their collision and the formation of their products.
Since it is too difficult to keep track of the collision between molecules (molecular dynamics are too
expensive!), the approach is to ignore some things like spatial information that will lead to some
equations such as Chemical Langevin Equation and these will always have the randomness and
probability with it.

There are several algorithms and equations for calculations:

1. Chemical Master Equation: Current state of the system, one ODE (ordinary differential eq.)
for each possible state of the system.

2. Chemical Langevin Equation: One SDE (Stochastic diff. eq.) for each chemical species.
Pushing approximation further than Tau Leaping.

3. Reaction Rate Equation: One ODE (ordinary diff. eq.) for each chemical species.
Instantaneous rate of change is proportional to the product of concentrations of the reacting
species. (without the stochastic part of CLE.)

4. Stochastic Simulation Algorithm: It gives one approach to computing indirectly with the
CME, rather than solving the full set of ODEs we compute samples from it.

5. Tau Leaping: The approximation introduces errors that will be small as long as the state vector
updates are relatively small. It is used with SSA.

The purpose by using MATLAB is to get numerical simulations of the Michaelis-Menten system
using the SSA, CLE, RRE.  In our project, we worked on the MATLAB code which is for Stochastic
Simulation Algorithm.

The Michaelis–Menten equation is the rate equation for a one-substrate enzyme-catalyzed reaction.
The changes in the substrates can be shown with a state vector.

In each implementation we have parameters and initial conditions. These are:

● Volume of system
● Molecules of substrate
● Molecules of enzyme
● Coefficient values

For calculations, there are some functions that already exist in MATLAB such as tau, rand, cumsum.
These functions are used in SSA calculation.

In the simulation, the change in substrate and product is observed with respect to molecules vs time.
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Stochastic Simulation Algorithm: The CME is too large to handle numerically. This fact moves us
towards the stochastic simulation algorithm. SSA solves this problem by calculating single
occurrences of the state vector rather than a complete probability distribution.

To derive SSA we need P0(τ |x, t), which is the probability that no reaction happens in the time
interval [t, t + τ).

Next Reaction Index=pick one of the reactions with the rule that the chance of picking the jth reaction
is proportional to aj (x).

Time until Next Reaction = The density function for a continuous random variable with an exponential
distribution. These exponential random variables arise universally in descriptions of the time elapsing
between unpredictable events.

● [2] An Algorithmic Introduction to Numerical Simulation of Stochastic
Differential Equations - Desmond J. Higham

This article aims to provide some mathematical models and algorithms for stochastic differential
equations. At the same time, this article provides a serious background on the basics of how to
simulate SDEs (Stochastic Differential Equations) numerically with just a background knowledge of
Euler’s method for deterministic ordinary differential equations and an intuitive understanding of
random variables.
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1.Brownian Motion: A scalar standard Brownian Motion, or standard Wiener process, over [0, T] is
a random variable W(t) that depends continuously on t ∈ [0, T] and satisfies the following three
conditions.

a) W(0) = 0 (with probability 1).
b) For 0 ≤ s<t ≤ T the random variable given by the increment W(t)−W(s) is normally distributed

with mean zero and variance t − s; equivalently, W(t) − W(s) ∼ √t − s N(0, 1), where N(0, 1)
denotes a normally distributed random variable with zero mean and unit variance.

c) For 0 ≤ s<t<u<v ≤ T the increments W(t) − W(s) and W(v) − W(u) are independent.

This was the mathematical definition of Brownian motion. There is an analogy to understand the
concept of Brownian Motion. This analogy includes a stadium full of spectators and one big huge ball.
If this crowd tries to push the ball, it causes many forces on the ball which have different directions.
So, the sum of these forces determines the direction of the ball which corresponds with collisions and
forces implemented for each molecule.

2. The Euler-Maruyama Method:

5



Sabancı University Program for Undergraduate Research (PURE) Fall 2020-2021

In Itô calculus, this is a method that can be applied stochastic differential equations on some interval of
time [0, T], where λ and µ are real constants and W(t) stands for the Wiener process. This differential
equation in above can be solved by this method recursively. Firstly, discretize the time for each index
that desired to have a value for that index. Then, obtain the values recursively by solving the SDE.

● [3] Extracting signal from noise: kinetic mechanisms from a
Michaelis–Menten-like expression for enzymatic fluctuations - Jeffrey R. Moffitt
and Carlos Bustamante
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Michaelis and Menten proposed that the formation of an intermediate (i.e. the enzyme–substrate
bound complex) was a necessary step in the generation of the product. Enzyme-catalyzed reactions
are dominated by fluctuations, which is related to stochastic quantities.

Statistical Kinetics:  connection between statistical measures of enzymatic fluctuations and properties
of the enzymatic mechanism. Randomness parameter is the simple quantification of fluctuations in
an enzyme-catalyzed reaction.

Why and how do enzymes fluctuate?

The directionality comes from the free energy released in the conversion of substrate to product. It
is thermal energy, the energy stored in the motion of the surrounding solvent molecules.

Why is the process stochastic?
Energy is transferred to the enzyme from random collisions with the surrounding solvent, these
processes are naturally stochastic.

1. The number of kinetic intermediates
2. Their natural lifetimes
3. The order in which these intermediates are formed,
4. The number of times each intermediate is visited, all shape the fluctuations

There are two types of fluctuations: fluctuations in the lifetime of a kinetic intermediate, fluctuations
in the number of visits to each intermediate.

If an enzyme has no memory of how long it existed in a given state, its pdf is an exponential function.
If an enzyme can produce multiple different products, then fluctuations can also occur in the choice of
product.

This article has enabled me to obtain chemical and mathematical background information on the event
we are examining.

● [4] A molecular Communication Scheme to Estimate the State of Biochemical
Processes on a Lab-on-a-Chip

The purpose of this article is to reliably estimate the equilibrium state of the biochemical process and
characterize this steady state regarding its parameters as enzyme, substrate, reaction rate and volume,
etc. These estimations are based on Gaussian Approximation.
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There is a possibility that different species of molecules can react with each other. S1 and S2 can react,
also in the spectroscopy chamber, S2 and S3 can react. Hence, it is necessary for one more gate to pass
back to prevent S3 molecules. Raman spectroscopy can be used to analyze and track the biochemical
process chamber. Actually, spectroscopy equipped with LoC can be used for both chambers but it
requires special preparation.

System resets itself for each experiment in specific situations such as a biochemical process exposed to
new environment conditions, change in temperature, change in input molecules, etc. If there does not
exist S1,S2 and S3 molecules at the spectroscopy chamber at time t=0, after external stimulus, the
biochemical process converges rapidly to an equilibrium state by an element {1,...,K}. At time 𝛿,
system shortly reach equilibrium, S1 is present at beginning of microchannel depending on the
equilibrium state of the biochemical process.

Number of molecules S1 is defined as, Δ 𝑖 = 𝐶𝑖𝑉Tx where Δ𝑖 corresponds to the quantity of
molecules of S1 in the beginning of the microchannel, as defined in (6). We note that 𝛿 > 0 is chosen
to be a sufficiently small period of time such that no reactions occur in the beginning of the
microchannel.

The key idea behind our approach is that for sufficiently large 𝑇𝑠 , the total number of molecules of
species S2 and S3 in the detection chamber at the time of sampling will be approximately drawn from
the stationary distribution of the RDME (Reaction-diffusion master equation).

To estimate the equilibrium state, a Gaussian Mixture Model is used which is based on expectation -
maximization algorithm.

𝑓𝐺𝑀 (𝑥; 𝝅, 𝝁, 𝝈)) = 𝚺(𝑥; 𝜇𝑖 , 𝜎2 𝑖 ) where the borders of sigma is from i = 1 to N.

where 𝑔(𝑥; 𝜇, 𝜎2 ) = (1 /√ 2𝜋𝜎2) * exp (− (𝑥 − 𝜇)^2 / ^(2𝜎) 2).

This method is basically, assigning each example to one cluster and finding an answer to what if there
exists any overlapping between the clusters.
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● [5] Deep Learning for Deep Chemistry: Optimizing the Prediction of Chemical Patterns
-Tânia F. G. G. Cova* and Alberto A. C. C. Pais

This article focuses on the use and aims of deep learning and machine learning in chemical reaction in
general.

The purpose: describing, solving and predicting chemical data and related phenomena with deep
learning. 

Reaction predictor: an application for predicting chemical reactions and reaction pathways. Deep
learning is to predict and order elementary reactions.

● Identifying electron sources
● Pairing those sources and sinks to propose elementary reactions
● Ranking reactions by favorability

Fundamental problem in synthetic chemistry and its relation with ML: Identification of unknown
products observed via mass spectrometry (a technique that lists ions with respect to their ion
mass/load).

The areas that DL is used:

1. understanding and controlling chemical systems
2. calculating, optimizing, or predicting structure-property relationships
3. density functional theory (DFT) functionals, and interatomic potentials
4. driving generative models for inverse design
5. screening, synthesizing, and characterizing new compounds and materials etc.

Deep learning (DL) approaches can also be useful to solving a variety of chemical problems,
including compound identification and classification, and description of soft matter behavior.

ML contributions have involved a variety of systems including drugs, polymers, polypeptides,
energetic materials, metal organic frameworks and organic solar cells.

Besides the good effects of machine learning in chemical reactions, there are also some disadvantages.
It is hard to clean data, produce an accurate chemical information that is free of bias and lack of
standardization of chemical data.
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This graph gives the big picture of the relation of the ML and chemistry.

Day by day, the role of Machine learning and deep learning is increasing thanks to the continuous
growth of chemical data in public databases, such as PubChem and Protein Data Bank.

● [6] A Novel Framework for Capacity Analysis of Diffusion-Based Molecular
Communication Incorporating Chemical Reactions - Ching-Lun Tai and Ian F. Akyildiz

The goal of this article is to evaluate the effects of the chemical reactions in the transmission process.
After detailed calculations, the results are described by comparing capacity with other elements that
have effect on the transmission. Due to the enhanced molecular noise with the increased distance,
capacity decreases while the distance increases. They are inversely proportional.

If capacity and bandwidth are compared, it can be seen that they are proportional. Within a larger
bandwidth, more information bits can be transferred; this shows that while bandwidth increases,
capacity also increases. In the case of diffusion coefficient, when diffusion coefficient is large the
transmission of molecules is increasing. It means that capacity and diffusion coefficient are
proportional. In short, when distance is increasing and bandwidth is decreasing, the capacity is also
decreasing. In addition to that, capacity is increasing if the bandwidth and diffusion coefficient are
increasing.
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2.2. Simulation and its analysis
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Mainly, we used the code that is given in the Modeling and Simulating Chemical Reactions - Desmond
J. Higham. We make some manipulations in that code in order to be able to get random results, storing
the results and plotting steps. In addition to that, we wanted to analyze the intermediate step which
happens between the formation of product from substrate and enzyme.

The graph of the intermediate is found as:

The plots of random reactions vary with respect to each runs:

(i) (ii)
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(iii) (iv)

(v)

3. Discussion and Conclusion

Until this stage, we have read articles and expanded our knowledge and opinion on the subject
in order to master the subject. At the same time, we developed the simulation algorithm that
exists in one of the articles that we have read. Also, we extracted data from MATLAB
simulation into Excel. In the second stage, it will be developed algorithms to estimate on a
general basis the results by using reaction rates, substrate and enzyme components. In
addition, we will obtain the noise covariance ( convergence of sample covariance) for each
sample. After that, we will decide statistical hypothesis, error probability and relative entropy
based on digital communication.
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BLOCK DIAGRAM OF THE SIMULATION
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Section 2: Physical characteristics and mathematical modelling of Memristor

Memristor is a two terminal circuit element that has been first introduced by the article of
Leon Chua in 1971 [1].The name, memristor, comes from the combination of memory and
resistor. Its behavior can be described as a nonlinear resistor with memory. It is known to be
the missing fourth basic circuit element as a part of the basic circuit element group consisting
of capacitor, resistor and inductor. The potential of memristor is huge in terms of its memory
applications. It is thought that the memristors will replace the transistors in the future
computers [2].
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Chua in his article [1] states that the memristor has not been yet discovered physically alone,
without a power supply. In this section of the paper, we will examine the physical structure of
this element and its behavior under some different power supplied conditions.

One of the fundamental device characteristics of a memristor is resistance of the
memristor(memristance). Memristance relates the electrical charge and magnetic flux and it
can be modelled as following [1]:

(1)                                                               𝑀 𝑞( ) = 𝑑φ/𝑑𝑞

In order to understand the working principles of memristor it is important to construct its
mathematical model. The model discussed in this section of the paper is taken from the work
[3]. The physical and circuit modelling of a memristor is shown in figure1 [2]. The physical
structure of a memristor is consisting of a two thin film of sandwiched between platinum𝑇𝑖𝑂

2

contacts. One of them is doped with oxygen vacancies, acting as charge carriers and as a
result showing a low resistance characteristic. The other layer is the undoped region which
has an insulating property [2]. If a positive voltage is applied to the doped region we observe
that the oxygen atoms start to diffuse within 𝑇𝑖𝑂

2
.

The resistance of a memristor is defined by the length of its doped and undoped regions. If a
memristor has all of its region as undoped than it has a very high resistance but, if is𝑇𝑖𝑂

2

fully doped with oxygen ions than its resistance has the minimum value.

Figure 1

(2)𝑅
𝑀𝐸𝑀

𝑥( ) = 𝑅
𝑂𝑁

𝑥( ) + 𝑅
𝑂𝐹𝐹

(1 − 𝑥)

Where; ∈ (1,0) (3)𝑥 = 𝐷
𝑊   

Here, the and are the limit values for the memristance and they are found by putting𝑅
𝑂𝐹𝐹

 𝑅
𝑂𝑁

w=0 and w=D respectively. The ohms law can be also implemented to memristor as
following:
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(4)𝑉 𝑡( ) = 𝑅
𝑀𝐸𝑀

𝑤( ) * 𝑖(𝑡)

The speed of the border that separates the undoped and doped region can be found by the
following:

(5)𝑑𝑥
𝑑𝑡 = 𝑘 𝑖 𝑡( )𝑓 𝑥( )  ;    𝑘 =

µ
𝑣
𝑅

𝑂𝑁

𝐷2   𝑤ℎ𝑒𝑟𝑒 µ
𝑣

≈ 10−14𝑚2 𝑠−1𝑉−1

The nonlinearity character of a memristor comes form the fact that the amount of electric field
when a small voltage is applied to a nanoscale devices being enormously high. Thus we can
observe a nonlinear ion transportation in such devices [3]. This phenomenon is called as
non-linear dopant drift and it is modeled by a window function as stated in (5). This form of
function proves that the speed of the boundary is getting closer to zero when approaching
either boundary(x=0 or x=D). Also noting that if p increases our overall drift function is
becoming more similar to a linear model.

(6)                     𝑓 𝑥( ) = 1 − 2𝑥 − 1( )𝑝; 𝑤ℎ𝑒𝑟𝑒 𝑝 𝑏𝑒𝑖𝑛𝑔 𝑎 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑖𝑛𝑡𝑒𝑔𝑒𝑟

The above given mathematical models enable us to understand the fundamentals about the
working principle of the device. For the purposes of the MATLAB modelling and simulation
of the memristor given equations can be used. In this regard, we can now represent the I-V
characteristics of the device in MATLAB environment and observe the behavior of memristor
against the changing source voltage characteristics.

The following MATLAB code and simulation results has been acquired from the given work
[4].

In this work the following features of the memristor has been considered and the results are
taken according to these values.

● : intial resistance of the device (default: 1KΩ)𝑅
𝑖
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● : maximum resistance of the device (default: 38KΩ)𝑅
𝑂𝐹𝐹

● : minimum resistance of the device (default: 0.1Ω)𝑅
𝑂𝑁

● D: device length in nm (default: 10nm)

● : dopant drift mobilty of the device material (default: 10^-14 )µ
𝑣

𝑚2 𝑠−1𝑉−1

In the following figures we will examine the behavior of the memristor against different
source frequencies.

From figure 2 it is observed that the hysteresis loop of I-V plot is getting narrower as we
increase the frequency of our voltage source. Looking at those figures one can suggest that at
higher frequencies since the observed characteristic is getting closer to a linear form
memristor is behaving as a resistor.

From figure 3 a,b and c the resistive switching property of the memristor is clearly seen. The
response of our resistance values according to the changing frequency can be described as the
frequency increases the switching of our resistance between its lowest and highest value is
observed more sharply. Also, it is observed that the frequency change results in the change of
resistance maximum and minimum value. Looking at figure3 one can see that at low
frequency we have higher maximum resistance value.
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The analysis of the change in the amplitude of the voltage and resulting I-V characteristic can
be seen from figure 4. As expected, the increase in the amplitude of the voltage results in an
increase in the current.

Figure 4

Discussion and Conclusion

In this section of the paper the physical characteristics and the mathematical modelling of
memristor has been briefly discussed and the results of the implementation of the provided
mathematical model has been shared. The potential of the memristor in technology
applications is huge. In this section, the most useful property of this element that is the usage
of it as a memory device component has not been discussed but the following work on this
subject will be focused on the memory property and its potential advantages on the memory
operations .
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Section 3: COVID-19 Transmission Modelling with Computational Fluid
Dynamics Tools

COVID-19 pandemic has aroused people’s interest in transmission of respiratory infectious
diseases recently. Modelling different transmission scenarios can be admitted as crucial in
order to be able to halt spread of the virus. Since there are many factors that create these
different scenarios such as spread on outdoors with/without wind, indoors that have/do not
have ventilation, among people that wear/do not wear masks, a tool that can model them
would be useful.

Even though the exact behavior of the droplets that carry the viruses is still debated, recently
it has been observed that these droplets are carried by a turbulent cloud of gas [1]. Therefore,
Computational Fluid Dynamics (CFD) is in the center of investigation of the transmission the
airborne diseases. In order to model and generate data about the transmission OpenFOAM,
which is a C++ oriented toolbox for numerical solving of continuum mechanic problems thus,
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computational fluid dynamic problems, can be used [2]. In this research, a systematic
modelling approach which can be used to model various virus transmission scenarios and
opening a way to creation of easier ways to modelling them.

The modelling approach consists of two integrated parts which are coughing and droplet
spreading. To model the cough of a person, human inspiratory capacity, shape of the solid
surface (a tube), mouth width, initial velocity and other flow characteristics of the fluid are
implemented as boundary conditions and Large Eddy Simulation (LES) is used. On the other
hand, to model droplet spread; humidity, wind, volume of the space, temperature, droplet size
are implemented and Lagrangian Droplet Simulation is used [3]. In order to make the model
more realistic, effects of physical obstacles, multiple flow sources and masks will be
implemented in the further steps.

Consequently, it is observed that virus transmission can be modelled by CFD tools and the
generated data can be employed for mutual work with other statistical facilities to make the
modelling easier for various conditions.
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(https://www.researchgate.net/publication/267592391_CFD_Simulation_of_Human_Coughs_
and_Sneezes_A_Study_in_Droplet_Dispersion_Heat_and_Mass_Transfer)

 
Section 4 : Chemical processes and reaction delay

Abstarct:
Most of the chemical and biological reactions contain multiple steps, with either the same or different
reaction rates. Even though these steps are hard to detect precisely, different approaches have
been developed over time for this problem.  
Here, we will mainly discuss how the experimental single-molecule kinetic data can be used to study
multistep processes; how the developed chemical reaction delay models and simulations can be used
in real life, such as telecommunication and queuing systems as well as the computer networks; and
briefly give an introduction of the idea of machine learning and deep neural network (DNN) usage for
deriving random variables and training the developed model for various occasions.  
 
  
1 Introduction  
 
Many reactions contain multiple steps with various rates. For example, taking an enzymatic reaction
into account, there will be several sequential steps, including substrate binding, catalytic reaction, and
product release. (4) Dealing processes with multiple steps and kinetics can be challenging to make
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observations in many ways. Having said that, dealing with the kinetic measurements of single
molecules are much easier and practial, due to their feature of not containing any of these limitations
that we face with the multiple steps processes. This brings the idea that whether there is a way to use
the experimental single-molecule kinetic data to wipe out the problems we come across in multistep
process observations. Sensitive imaging and manipulation methods have been developed to
analyse the number of biochemical and biophysical processes for this purpose. (1) Large ensembles
will give us average times, which will contain many fluctuations, while single-molecules will give a
more precise information about those changes in time.  
 
The analysis of multi-step reaction kinetics is challenging in two aspects: determining the number of
reaction steps from kinetic data with the “randomness parameter”, r (6) and determining the
distribution of kinetic rate constants, due to complications in inverse Laplace problem. (7) The second
problem can be generally solved with different methods, either the Tikhonov regularization (8) and/or
the maximum entropy method (9). 
 
Variables of the chemical reactions that will differ from one to another are the reaction rate, k and the
number of steps, N. The idea at first is to derive reaction rates from various rate equations and discuss
how the use of randomness parameter, r can be encountered.  Also, the expected reaction time will not
be the same as the observed ones, due to the reaction delays. By understanding the intermediate
processes, a linear signal model for reaction delays can be formed and a queuing system on top of it. 
 
Delay analysis and its prediction are not that different in chemical reactions than it is in real life. To
obtain B from A in chemical or biological terms, a time needs to be spent in the intermediate process.
Lots of inter-products will be obtained and each time some particle takes another form, a time will be
spent, which we will cause what we refer as reaction delay. This means that A->B process will take
longer than expected due to many factors. This is the case in real life as well. For instance, let us think
that we are waiting in a queue in front of a bank and there are five bankers dealing with the customers.
The time we will spend to get our job done will contain waiting in the queue, time that both the
individuals in front of you and the ones that are currently inside will spend. You will wait, enter, spend
some time inside and then leave. These two processes are similar so if we form a linear signal model
for the chemical reactions and understand their delay systems, the same thing can be implemented in
real life, in the queuing systems, telecommunication systems and in the computer networks. 
 
Another approach to these problems will be to apply a machine learning on the developed model and
train it. In simpler terms, we will have to generate different numerical variables for k and N, which
will be the parameters of the exponential distribution function that shows A->X->B, A representing
the starting product, X representing the intermediate process and the products we get in between, B
representing the output. The probability distribution of A -> B will be obtained by integrating over all
possible times t (1), which will lead to an exponential function with parameters k and N. After getting
random variables, we need to train a neural network with machine learning approaches until it begins
to work for all different cases. For instance, if we trained the mechanism for one thousand different
variable variations, the next step will be to check whether our mechanism works for ten thousand
different combinations or not.  
 
2 Probability Distribution Analysis 
 
2.1 One intermediate step  
 
Our chemical process will roughly look like this:  

 
p(t): their joint probability density. 
If B is formed at T time, then the time for intermediate: T < t, then B was formed at t _ T.  
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The probability of A->B occurring at time t: joint probability of A -> X at T time and X -> B at t - T
time.  
İn order to find the probability distribution of A -> B, the one that we are interested in, we should
integrate over T < t:  
 

 
We must also take k, the reaction rates into account as it will affect the reaction time: 
 

 
2.2 Multiple intermediate steps, with the same rate constant 
 
Single molecule measurements: Tracking the reaction course of individual molecules one by one. 
Biological process: May consist of multiple steps. / May consist of 2 reactions but involve
heterogeneous kinetics that complicates the process. 
  
So far, we showed the logic behind the second case. However, the first one may be encountered as
well. Leaving the having one intermediate step assumption behind, we now assume that the reaction
rates will be equal to one another: 

 
To avoid complications, we assume that reaction rates between each step is equal to k. Again, similar
to what we did before, we find the probability distribution for this case, by taking the integral: 
 

 
We obtain a well known gamma distribution function, therefore we can use it plot probabilities, for
different N s to understand the relationship. (1) 
It was mentioned that there were two challenges of kinetic analysis of multi-step chemical reactions: 
      1- Determining the number of steps.  
      2- Distribution of kinetic constants.  
There are 2 stable integral transformations to solve these problems:  

1. Decreasing number of rate-limiting steps.  
2. Reconstruct the distribution of rate constants in the multistep reaction. 
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It can be seen that the more N increases, the narrower distribution becomes and the more symmetric it
gets. It was also previously mentioned that the intermediate steps are hidden but they can be observed
with the single kinetics through the final product (in this case B). By looking at this graph, one can
easily observe intermediate steps as the waiting-time distributions.  
 
 
We so far only looked into the N variables but k is the other random variable that we must generate, as
we can see from the last equation, it will be the other parameter of the gamma and exponential
distributions. In the previous example, we took k as constant, which is not always true. Below, there
are 2 graphs given to help understand the relation between reactions and the changes in k. 
 

 
 

2.3 Multiple intermediate steps, with different rate constants 
 
As the last and the most realistic case, there is: 

 where both multiple intermediate steps with different reaction rates
exist. This is a challenging task, especially if the totally number of reaction steps are unknown or
if some of the reaction steps cannot be described by a single rate constant. (2) There are two integral
transforms to analyse the m-step reaction kinetics in general: 

1. The “heat capacity transform” Ĉ: Applicable to general m-step reactions; whether
k s are different or not; it maps the overall kinetic data. However, it cannot resolve two
reaction models. For example, while a single-molecule experiment with N = 2000 events
may be sufficient to distinguish the 4-step and 5-step reaction models, experiments
with N = 200 events could barely resolve 2-step versus 3-step reactions.
2. The “m-to-1 transform” Ĵm: It maps the overall kinetic data and effectively
converts an m-step kinetic data set to a 1-step kinetic data set ℘(t) = ∫ke−ktdμ(k), allowing
the “effective” rate constant distribution μ(k) to be stably reconstructed using the “phase
function approach”, which stabilizes the inverse Laplace transform. (10) When combined
with additional input of kinetic information, this approach offers a powerful and straight
forward strategy to fully dissect the m-step reaction kinetics. (2)

 
 
3 Discussion and Conclusion 
 
Firstly, different estimations about reactions and observation of the steps, moving from single
molecule kinetics to multi molecule steps and explanation of the reasons behind this approach are
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made. When there are multiple intermediate steps with different k s, different integral transforms
called the “heat capacity transform” Ĉ and the “m-to-1 transform” Ĵm, must be used to analyse the
steps and outcomes. We concluded that through studying chemical and biological reactions and their
delay analysis, a linear system modelling and a queuing theory can be formed which also can be
applied in real life, such as in the telecommunication and computer network systems. The importance
of random variable generation as parameters to the gamma and exponential functions was also briefly
mentioned.  
 
This is a field, fully open for development and these will be among the aspects that the future research
will contain: As mentioned before, without going into the details and its applications, introducing
different machine learning approaches and improve it with DNN, would make this study applicable for
many different scenarios in real life. In addition, we used autocorrelation as our Metric but CRLB
would also be a good candidate. Developing a better queuing system model can also be done. 
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