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Organization
• Lecturer: Dr. Max Alekseyev

• Website: http://home.gwu.edu/~maxal/math4981

• Office hours: after each lecture or by an 
appointment

• Recitations: MATH 6991
Fr 1:00am-2:00pm, GOV 103

• Textbooks: 
Required: «Bioinformatics Algorithms: An Active Learning 
Approach», Volumes 1 & 2, by P. Compeau and P. Pevzner

Recommended: «An Introduction to Bioinformatics 
Algorithms» http://www.bioalgorithms.info

http://home.gwu.edu/~maxal/math4981
http://www.bioalgorithms.info/


Assessment
• 7 Homeworks:  70%

• Midterm Exam:  10%

• Final Exam: 20%

Homeworks:

• practical bioinformatics/computational problems 
in the Rosalind platform http://rosalind.info

• can be solved in any programming language of 
your choice

• Python programming language will be taught at 
the recitation sessions (optional).

http://rosalind.info/


What is Bioinformatics?

• Bioinformatics is a mutually beneficial 
collaboration between Biology and Computer 
Science.

• For CS, Biology provides a motivation for studing 
new challenging problems and developing new 
algorithms.

• For Biology, CS offers effective and cheap (as in 
silico experiments are typically cheaper than 
wet-lab ones) solutions to many tough problems.



Bioinformatics Workflow

Biological Question
Computational

Problem (Model)
Formalization

AlgorithmPractical Results

Algorithmic solution

Execution

Interpretation Data



Bioinformatics Bottlenecks

Biological Question
Computational

Problem (Model)
Formalization

How accurate?

AlgorithmPractical Results

Algorithmic solution
Does it exist?

Execution
Is it efficient?

Interpretation
Are results

 meaningful?

Data
May be “noisy”



Why Bioinformatics 
Algorithms?

• Usually a biological problem can be transformed 
into a computational problem in a number of 
ways that feature different levels of accuracy and 
complexity.

• Highly accurate models often result in intractable 
computational problems, while less accurate 
models may produce meaningless results.

• GoalGoal: to maintain an acceptable level of 
accuracy keeping the computational problem 
effectively solvable.



Plan

• Brief introduction to Algorithms

• Brief introduction to Biology

• Study various biological problems and their 
computational counterparts



Introduction to 
Algorithms

What they are and why you should care



Web Resources 
on Algorithms

• AlgorithmsAlgorithms 
by S. Dasgupta, C.H. Papadimitriou, and U.V. Vazirani

• Algorithms Course Materials by Jeff Erickson 
http://compgeom.cs.uiuc.edu/~jeffe/teaching/algorithms
/

• Design and Analysis of AlgorithmsDesign and Analysis of Algorithms 
by Russell Impagliazzo
http://cseweb.ucsd.edu/classes/sp14/cse101-a/

• Design and Analysis of Algorithms: How to Think Design and Analysis of Algorithms: How to Think 
About AlgorithmsAbout Algorithms by Jeff Edmonds 
http://www.cse.yorku.ca/~jeff/notes/

http://compgeom.cs.uiuc.edu/~jeffe/teaching/algorithms/
http://compgeom.cs.uiuc.edu/~jeffe/teaching/algorithms/
http://cseweb.ucsd.edu/classes/sp14/cse101-a/
http://www.cse.yorku.ca/~jeff/notes/






Pseudocode: Assignment































• Finding the exact complexity, f(n) = number of basic 
operations, of an algorithm is difficult.

• We approximate f(n) by a function g(n) in a way that does 
not substantially change the magnitude of f(n), i.e., g(n) is 
sufficiently close to f(n) for large values of the input size n.

• This "approximate" measure of efficiency is called 
asymptotic complexity.

• Thus the asymptotic complexity measure does not give 
the exact number of operations of an algorithm, but it 
shows how that number grows with the size of the input.

• This gives us a measure that will work for different 
operating systems, compilers and CPUs. 

Asymptotic Complexity





Big-O Notation
• The most commonly used notation for specifying 

asymptotic complexity is the big-O notation.

• The Big-O notation, O(g(n)), is used to give an upper 
bound (worst-case) on a positive runtime function f(n) 
where n is the input size. 

Definition of Big-O:

For a function f(n) that is non-negative for all n  0, we say that

 f(n) = O(g(n))          (“f(n) is Big-O of g(n)”)

if there exist n0  0 and a constant c > 0 such that 

f(n)  cg(n)   for all    n  n0.





• Similarly, Ω(g(n)) is used to give a lower bound on a 
positive runtime function f(n) where n is the input size. 

Definition:

For a function f(n) that is non-negative for all n  0, we say that

 f(n) = Ω(g(n))          (“f(n) is big-Omega of g(n)”)

if there exist n0  0 and a constant c > 0 such that 

f(n)  cg(n)   for all    n  n0.

Big-Omega Notation



• Similarly, Θ(g(n)) is used to give a tight bound on a 
positive runtime function f(n) where n is the input size. 

Definition:

For a function f(n) that is non-negative for all n  0, we say that

 f(n) = Θ(g(n))          (“f(n) is big-Theta of g(n)”)

if f(n) = O(g(n)) and f(n) = Ω(g(n)).

Big-Theta Notation



Examples

O(1) Constant

O(log(n)) Logarithmic

O(n) Linear

O(n·log(n)) n·log(n)

O(nx) (e.g., O(n2), O(n3), etc.) Polynomial

O(an) (e.g., O(1.6n), O(2n), etc.) Exponential

O(n!) Factorial

O(nn)



Two “complexities”

• Algorithms have a “complexity” that determines 
their execution speed.

• Problems have a “complexity” that determines 
how fast the fastest algorithm can go!

• Sorting can be done in polynomial time

• Listing all subsets takes exponential time



NP-completeness

• There is a class of problems that might require 
exponential time.

• Any problem in this class is, in some way, 
equivalent to any other problem.

• It is very unlikely that a polynomial time algorithm 
exists that can solve any of this class of problems.



The bad news...

• Many useful problems in biology are NP-complete 
(e.g., Traveling Salesman Problem)

• Heuristic or statistical approaches aren’t “correct”, 
but are usually the best choice

• Proving NP-completeness for a problem is involved

• Take-away lesson: consider the possibility that 
your problem is NP-complete







Summary
• Computational problems define mapping from 

inputs to outputs

• Algorithms solve computational problems.

• Algorithms can be communicated through 
pseudocode.

• Two fundamental properties of algorithms are 
“correctness” and “efficiency”.

• Problems also have an “inherent complexity”.

How can one design an algorithm, given a 
problem?



Next steps

• Sorting Problem

• Quadratic vs log time

• Towers of Hanoi Problem 

• Recursion and recurrences

• Trees





Intuitive approach

• Find the smallest element.  Put it first.

• Find the next smallest element.  Put it next.

• Repeat until done.







Asymptotic Complexity

• IndexOfMin ~  O(n)

• SelectionSort:

• Calls IndexOfMin O(n) times

• Also performs constant time operations

• O(n·n), or O(n2)



A faster way

• There is a faster way of searching

• MergeSort

• Will be covered in “Divide and Conquer”.

• Think about it for a while, see if you can’t figure 
it out.











Easy values of n

• n=0; done

• n=1; move from left to right peg; done

• n=2; small to middle, large to right, small to right; 
done.

• n=3?





n=4?

• Move top three from left to middle

• Move bottom one to right

• Move top three from middle to right



Recursion!

• To solve n=4, we solved the puzzle for n=3 
multiple times.

• Generalize the problem.

• Given n, a, and b, move n disks from peg a to 
peg b.



But we “assumed”!

• Key observation: we know how to solve it for small 
values of n.

• So we have HanoiTowers(1,a,b).  We can construct 
HanoiTowers(2,a,b), HT(3,a,b),     HT(4,a,b), etc. 
out of it.



The impossible trick
• “Assume can opener!”

• Assume we have HanoiTowers(k,a,b) that solves 
correctly the k-disk (general) HT problem for some 
k

• HanoiTowers(k+1,a,b) is easy to write if it can call 
HanoiTowers(k,a,b):

• HanoiTowers(k,a,c)

• move largest from a to b

• HanoiTowers(k,c,b)






