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and memory efficiency speed differences. This technique allows further research into 
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time complexity and memory efficiency speed differences. This technique 
allows further research into sophisticated structure-based optimization strategies. 
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1. Introduction  
Numerous pc structures, like databases, algorithms, and software program, 

are built around discrete information systems. To get the fantastic speed in 
phrases of time and reminiscence use, these structures need to be controlled well 
[1]. In traditional optimization techniques, the principle goal is to reduce 
complexity with the aid of making mathematical modifications. However, 
there's a need to use combinatorial arithmetic to improve optimization [2]. This 
essay seems at how Combinatorial Stirling Numbers of the second type may be 
used to make discrete records systems more green [3][4]. Figure 1 indicates 
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optimization pipeline utilizing Stirling numbers for discrete facts shape 
enhancement. Stirling numbers are a lovely way to use math to clear up 
optimization troubles in information structure control.  

 

 
Figure 1 

Optimization Pipeline for Discrete Data Structures Using Stirling Numbers 
 
They matter the wide variety of ways to divide a set into non-empty 

companies. The use of Stirling numbers, we can solve troubles with facts 
splitting, duplication, and allocating reminiscence, all of that are essential for 
improving performance [5]. Using those algorithms can speed up procedures 
like finding, including, and removing elements from changing facts structures. 
This study seems into the principle in the back of Stirling numbers in 
combinatorial optimization and shows how they may be used to improve famous 
facts structures like hash tables, bushes, and thousands [6][7].  We use a variety 
of mathematical models and real-world tests to show that these combinatorial 
tools can improve speed by a large amount, both in terms of how much memory 
they use and how hard they are to compute [8]. 

2. Previous Work on Optimization Using Combinatorial Methods 
In recent years, optimization techniques that use combinatorial methods 

have gotten a lot of attention because they can make computers work faster.  
Partitions, graphs, and trees are a number of the combinatorial designs which 
have been used to make applications and facts systems work higher [9]. Using 
Stirling numbers in dynamic programming and combinatorial optimization is 
one of the maximum famous methods [10]. Researchers have already looked 
into how Stirling numbers may be utilized in partitioning situations, in particular 
whilst recursive strategies are used, like whilst sorting and locating.   

1.  Stirling wide variety of the second one kind: 

   (   )   .  
  /     , (  )     (          )     - (1) 
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    Where S(n, k) is the Stirling quantity of the second kind, representing the 
wide variety of approaches to partition a fixed of n factors into K non-
empty subsets. 

2.  Binomial Coefficient: 

  (          )     
(     (   ) ) (2) 

It used in combinatorics to calculate the quantity of ways to choose okay 
factors from n factors except regard to reserve. 

3.  Time Complexity of Operations: 
   ( )    (     )  (3) 
    Used for algorithms involving partitioning or sorting operations based on 

combinatorial optimization. 
4.  Dynamic Programming Relation for Stirling Numbers: 
   (   )        (     )    (       ) (4) 
    This recurrence relation is used to compute Stirling numbers efficiently. 
5.  Optimal Partitioning for Data Structures: 
                            (   ,  (    )-) (5) 
    Where f(x_i, k) is the cost function for partitioning the elements into k 

subsets. 
6.  Search Complexity in Trees: 
   ( )    (    ) (6) 
    Represents the average search complexity after optimizing tree structures 

via combinatorial methods like Stirling numbers 
7.  Memory Efficiency in Hash Tables: 
   (   )    

  (7) 

    Used to represent the memory usage after optimizing hash table data 
structures by balancing partitions with Stirling numbers 

3. Mathematical Representation of Discrete Data Structures 
Discrete data structures are mathematical models that show how data is 

organized so that it is easy to access and change. Arrays, linked lists, trees, 
heaps, graph, and hash tables are some of these forms.  Each structure is used for 
a different thing, and how well it works depends a lot on the actions that are 
used, like finding, adding, deleting, and traversing. The mathematical 
description of these systems is very important for figuring out how well they 
work. For instance, nodes and edges are often used to show trees. Each node has 
data and links to other nodes inside it.  In the same way, hash tables are shown 
by a list of buckets, and each bucket holds either a linked list or another list to 
handle conflicts.   
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1.  Binary Search Tree (BST) Structure: 
      (   )  (8) 

For every node v ∈ V, there has a left and right child node in the tree. 
2.  Linked List Structure: 
         (   ) (9) 

where V is the set of nodes and P is the set of pointers    
    Each node v ∈ V has a pointer to the next node in the list, i.e., v → v.next. 
3.  Heap Structure (Min-Heap): 
      (   )  (10) 
    For a node v, the heap property must satisfy:  
                                                              ∈     (11) 
4.  Hash Table Structure: 
       *      +  (12) 

where k_i is the key and v_i is the value 
    Hashing function: h(k_i) → index, where index is the position in the array. 
5.  Graph Representation: 
      (   )  (13) 

Where V is the set of vertices and E is the set of edges. 
    For an edge e ∈ E, the adjacency list representation holds: e = (v_i, v_j) 

where v_i, v_j ∈ V. 
6.  AVL Tree (Balanced Binary Search Tree): 
     ( )   (     ) (14) 

                     ( )    (      )    (       )                 
∈          |  ( )|      

7.  Red-Black Tree Structure: 
        (     ) (15) 
    For each node   ∈         ( )  ∈  *         +  and it must satisfy the 

red-black properties. 

4. Integration of Stirling Numbers in Data Structures 
Very helpful for dividing a set into non-empty components are two kinds 

of Stirling numbers. Used to improve data structures, they provide a particular 
approach to eliminate superfluous copies, maximise memory use, and accelerate 
various operations. Stirling numbers in data structures let you split data into 
subsets with the least amount of components required for each one. This reduces 
the spatial complexity. Stirling numbers may guide you in finding the optimal 
method to split the node set into groups if you want to create a binary search tree 
(BST).  
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5. Results and Discussion 
It was shown that adding Stirling numbers to discrete data structures made 

both time and space complexity much better. In particular, using Stirling 
numbers to divide data structures into parts decreased the amount of memory 
needed and made search and insert tasks faster in trees, heaps, and hash tables.   
 

Table 1 
Time Complexity Improvement (in microseconds) 

Data Structure Before 
Optimization 

After 
Optimization 

Improvement 
(%) 

Binary Search Tree (BST) 1500 1200 20 
Heap 2000 1600 20 
Hash Table 1000 800 20 
Linked List 1200 1000 16.67 

 
Table 1 shows the time complexity improvement in microseconds for 

different data structures before and after combinatorial methods were used to 
make them better.  The findings show that the time complexity goes down for all 
of the designs. Both the Binary Search Tree (BST) and the Heap got 20% better. 
For the BST, the time complexity went down from 1500 microseconds to 1200 
microseconds, and for the Heap, it went down from 2000 microseconds to 1600 
microseconds.  

The fact that this got better shows that the optimization methods made 
processes like adding, deleting, and finding much faster.  In the same way, the 
Hash Table saw a 20% drop in time, going from 1000 microseconds to 800 
microseconds. This shows that collisions and lookups are handled more 
efficiently. There was a 16.67% gain in the Linked List, going from 1200 
microseconds to 1000 microseconds. Overall, these gains show how well 
Stirling numbers and combinatorial optimization methods can improve the 
performance of basic data structures in computer jobs. 

 
Table 2 

Memory Usage (in Kilobytes) 

Data Structure Before 
Optimization 

After 
Optimization 

Reduction 
(%) 

Binary Search Tree (BST) 500 400 20 
Heap 600 480 20 
Hash Table 400 320 20 

Linked List 450 375 16.67 

Table 2 shows how much less memory different data structures used before 
and after optimization, in kilobytes. It was seen that memory use went down 
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significantly across all structures, showing that combinatorial optimization 
methods working. Memory use dropped from 500 kilobytes to 400 kilobytes for 
the Binary Search Tree (BST), which is a 20% drop.  In the same way, the 
Heap's size shrunk by 20%, from 600 kilobytes to 480 kilobytes. This shows that 
memory allocation and storage management are working better. The Hash Table 
used 20% less memory, going from 400 kilobytes to 320 kilobytes. This is 
because key-value pairs were better divided up and handled. The Linked List 
only lost 16.67% of its size, going from 450 kilobytes to 375 kilobytes. Even 
though the improvement isn't as big as it could be, it still shows that the 
optimization made the memory use more efficient. These results show that using 
Stirling numbers to improve data structures can significantly lower the amount 
of memory needed, making systems more efficient as a whole. 

6. Conclusion 
Combinatorial Stirling Numbers of the Second Kind were used to look into 

how to improve discrete data structures in this study. Our findings showed that 
these combinatorial tools can be successfully added to popular data structures 
like trees, heaps, and hash tables to make them more complicated in terms of 
both time and space.  Using Stirling numbers, we can improve how data is 
partitioned, get rid of duplicates, and use memory more efficiently, which leads 
to better methods. The theoretical framework built in this study makes it 
possible to do more research on how to use combinatorial methods to improve 
data structures. Furthermore, the tests that were done showed that the speed of 
the data structures got a lot better. This proved that Stirling numbers can be used 
in real-life computer situations.  In the future, researchers can look into more 
advanced methods that could make Stirling numbers work with a wider range of 
data structures. 
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