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Abstract—Data compression is an essential technique for 

reducing storage requirements and transmission costs. Huffman 

coding is a lossless compression method that assigns shorter 

codewords to more frequent symbols and longer codewords to less 

frequent symbols. This paper aims to analyze the compressibility 

of Indonesian text, English text, and C source code through 

Shannon entropy and Huffman coding. A Huffman coding 

program was implemented in C to compute entropy values, 

average codeword lengths, and compression ratios for each 

corpus. Experimental results show that Indonesian and English 

texts exhibit nearly identical compression performance, whereas 

C source code is less compressible due to its larger symbol 

alphabet and more uniform character distribution. Furthermore, 

the results confirm that Huffman coding closely approaches the 

theoretical entropy limit. These findings indicate that the 

statistical characteristics of a text significantly affect its 

compressibility. 

Keywords—Huffman coding, Shannon entropy, lossless 

compression, information theory, text compressibility. 

I.  INTRODUCTION 

The world currently generates approximately 2.5 quintillion 
bytes of data every day, equivalent to nearly 29 terabytes every 
second. Global data volume reached 181 zettabytes in 2025 and 
continues to grow at an annual rate exceeding 23.13% [1], 
making efficient storage and transmission of digital information 
fundamental challenges in computer science. From news articles 
and academic documents to the source code underlying modern 
software systems, the explosive growth of digital data has 
increased the importance of effective compression techniques. 
One of the most influential solutions to this problem is Huffman 
coding, introduced by David A. Huffman in 1952 [2]. Huffman 
coding produces variable-length, prefix-free codes by assigning 
shorter codewords to frequently occurring symbols and longer 
codewords to rare symbols, thereby minimizing the expected 
number of bits required to represent a message. 

From a discrete mathematics perspective, Huffman coding is 
particularly interesting because its optimality can be established 
formally. The algorithm constructs a binary tree using a greedy 
strategy, and it can be shown that the resulting code minimizes 
the average codeword length among all prefix-free codes for a 
given symbol distribution. Moreover, Shannon's entropy 

provides a theoretical lower bound on the average number of bits 
per symbol, and Huffman coding guarantees an average 
codeword length that differs from this lower bound by less than 
one bit [3]. 

While the theoretical properties of Huffman coding are well 
established, the compression efficiency achieved in practice 
depends heavily on the statistical characteristics of the input 
data. Different types of text exhibit distinct symbol distributions. 
Natural languages such as Indonesian and English are shaped by 
linguistic patterns, while programming languages are governed 
by formal syntax and contain numerous operators, punctuation 
symbols, and whitespace characters. These differences raise an 
interesting question: to what extent does the category of text 
affect its compressibility? 

To investigate this question, this paper analyzes and 
compares the compression behavior of three equally sized 
corpora consisting of Indonesian text, English text, and C source 
code. A Huffman coding algorithm is implemented in the C 
programming language and applied to each corpus. The 
resulting entropy values, average codeword lengths, 
compression ratios, and compression savings are then evaluated 
and compared. Experimental results are further used to examine 
the relationship between Shannon entropy and the practical 
performance of Huffman coding across different categories of 
text. In addition to providing an experimental comparison, this 
study illustrates how fundamental concepts from information 
theory, greedy algorithms, and binary trees are brought together 
in a practical data compression technique. 

II. THEORETICAL BACKGROUND 

A. Shannon Entropy 

Information theory, introduced by Claude E. Shannon in his 
seminal 1948 paper "A Mathematical Theory of 
Communication" [4], provides a mathematical framework for 
quantifying the information content of a source. Central to this 
framework is the concept of entropy, which quantifies the 
average uncertainty associated with the outcomes of a random 
variable and, equivalently, the average amount of information 
conveyed by those outcomes. 
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For a discrete source with alphabet X = {x₁, x₂, ..., xₙ} and 
corresponding probability distribution {p(x₁), p(x₂), ..., p(xₙ)}, 
the Shannon entropy H(X) is defined as: 

H(X) = −Σ p(xᵢ) log₂ p(xᵢ)         (1) 

where the summation is taken over all symbols with p(xᵢ) > 0, 
and entropy is measured in bits per symbol [4]. 

Intuitively, symbols that occur frequently are less surprising 
and therefore carry less information than symbols that occur 
rarely. Entropy captures this behavior by weighting the 
information content of each symbol, −log₂ p(xᵢ), by its 
probability of occurrence. Entropy is maximized when all 
symbols are equally likely and minimized when the distribution 
is concentrated on a single symbol. 

Shannon's source coding theorem establishes the 
fundamental significance of entropy: no lossless compression 
scheme can achieve an average code length shorter than H(X) 
bits per symbol [4]. This makes entropy a theoretical lower 
bound on the compression limit of any lossless encoder 
operating on the same source, and it provides the benchmark 
against which practical coding schemes such as Huffman coding 
are evaluated. 

B. Binary Tree 

A tree is an undirected connected graph that contains no 
cycles. Formally, a tree with n vertices has exactly n − 1 edges 
[5]. When one vertex is designated as the root, the tree acquires 
a hierarchical structure with a defined notion of parent, child, 
and depth. 

A binary tree is a rooted tree in which every internal node 
has at most two children, conventionally referred to as the left 
child and the right child. Binary trees can be defined recursively: 

• Base case: A single node is a binary tree.   

• Recursive case: A node with a left subtree and/or a right 
subtree, each of which is itself a binary tree, is also a 
binary tree. 

Fig. 2.1. Types of binary trees: full, complete, and perfect (Source: [6]) 

Several terms are relevant to the Huffman tree constructed in 
this paper: 

• Root: the topmost node, with no parent. 

• Leaf node: a node with no children; in a Huffman tree, 
each leaf corresponds to a distinct symbol in the input 
alphabet. 

• Internal node: a node with at least one child; in a 
Huffman tree, internal nodes represent merged subtrees 
and carry the sum of their children's frequencies. 

• Depth of a node: the number of edges on the path from 
the root to that node. In a Huffman tree, the depth of a 
leaf node equals the length of the codeword assigned to 
its corresponding symbol. 

• Height of a tree: the maximum depth among all leaf 
nodes. 

The recursive structure of binary trees is directly exploited 
in the Huffman algorithm: the tree is built bottom-up by 
repeatedly merging pairs of subtrees, and the resulting 
codewords are generated by a recursive depth-first traversal 
from root to leaves. 

C. Prefix-Free Codes 

A binary code assigns a binary string (codeword) to each 
symbol in an alphabet. A code is called prefix-free (or 
instantaneous) if no codeword is a prefix of another codeword 
[2]. This property is essential for unambiguous decoding: 
because no codeword is a prefix of another, the decoder can 
identify the boundary of each codeword as it reads the bit stream 
from left to right, without the need for explicit separators. 

 

Fig. 2.2. Binary tree representation of the prefix-free code {000, 001, 01, 
10, 11} (Source: [6]) 

The Huffman code is a prefix-free code by construction, 
since each symbol corresponds to a leaf node in the Huffman 
tree and the path from the root to any leaf is never a prefix of the 
path to another leaf. Because Huffman coding represents 
symbols as leaf nodes in a binary tree, the structural properties 
of binary trees play a fundamental role in determining codeword 
lengths and ensuring unique decodability. 

D. The Huffman Coding Algorithm 

Huffman coding, introduced by David A. Huffman in 1952 
[2], is a greedy algorithm that constructs an optimal prefix-free 
code for a given symbol frequency distribution. The algorithm 
proceeds in two phases. 

Phase 1: Tree construction. Given a set of n symbols with 
frequencies f₁, f₂, ..., fₙ, the algorithm initializes a min-heap 
(priority queue) containing one leaf node for each symbol, keyed 
by frequency. It then repeatedly extracts the two nodes of 
minimum frequency, creates a new internal node whose 
frequency equals the sum of the two extracted nodes, and 
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reinserts the new node into the heap. This process continues until 
only one node remains, which becomes the root of the Huffman 
tree. The tree construction procedure is summarized as 
pseudocode in Algorithm 1. 

Algorithm 1. BuildHuffmanTree(f[1..n]) 

{ Input : symbol frequencies f[1..n] } 

{ Output: root node of the Huffman tree } 

 

for i = 1 to n do 

    insert leaf(i, f[i]) into min-heap H 

end for 

 

while |H| > 1 do 

    left  ← extract-min(H) 

    right ← extract-min(H) 

    parent.freq ← left.freq + right.freq 

    parent.left  ← left 

    parent.right ← right 

    insert parent into H 

end while 

 

return extract-min(H)   { the root } 

Phase 2: Codeword generation. Once the tree is built, 
codewords are assigned by a recursive depth-first traversal 
starting from the root. At each internal node, the traversal 
appends a '0' bit when descending to the left child and a '1' bit 
when descending to the right child. Upon reaching a leaf node, 
the accumulated bit string is recorded as the codeword for the 
corresponding symbol. The recursive code generation procedure 
is summarized as pseudocode in Algorithm 2. 

Algorithm 2: GenerateCode(node, code) 

{Input: node=current tree node; code=bit str} 

{Output: populated code_table[] } 

 

if node is a leaf then 
    code_table[node.symbol] ← code 
    return 
end if 
 

{ recursive call }  
GenerateCode(node.left, code + "0") 
GenerateCode(node.right, code + "1") 

This recursive traversal embodies a recurrence relation: the 
codeword for any node is formed by appending one bit to the 
codeword of its parent, with the base case being the empty string 
at the root.     

Figure 2.4.1 shows an example of a Huffman tree 
constructed from the string "MATEMATIKA DISKRIT" [6]. 
Each leaf node corresponds to a symbol and its frequency, and 
the codeword assigned to a symbol is obtained by following the 
path from the root to its leaf, with left and right branches 
represented by bits 0 and 1, respectively. The resulting 
codewords are presented in Table I.   

Fig. 2.4.1. Example of a Huffman tree constructed from the string 

"MATEMATIKA DISKRIT" (Source: [6]) 

TABLE I.  HUFFMAN CODEWORDS FOR THE STRING  
“MATEMATIKA DISKRIT” (SOURCE: [6]) 

Simbol Frekuensi Kode 

A 3 11 

T 3 000 

I 3 001 

M 2 011 

K 2 0100 

E 1 0101 

D 1 1000 

S 1 1001 

R 1 1010 

_ 1 1011 

The resulting code table encodes the 18-character string 
"MATEMATIKA DISKRIT" using a total of 58 bits [6]. 

E. Time Complexity 

Building the Huffman tree requires n − 1 merge operations, 
each of which involves two heap extractions and one insertion, 
each costing O(log n). The total time complexity of the 
algorithm is therefore O(n log n), where n is the number of 
distinct symbols [7]. 

F. Average Codeword Length 

The average codeword length L̄ of a variable-length code is 
the expected number of bits required to encode a single symbol, 
weighted by the probability of each symbol's occurrence. For a 
source with alphabet X = {x₁, x₂, ..., xₙ}, symbol probabilities 
{p(x₁), p(x₂), ..., p(xₙ)}, and assigned codeword lengths {l₁, l₂, ..., 
lₙ}, the average codeword length is defined as [8]:  

L̄ = Σ p(xᵢ) × lᵢ         (2) 

A lower average codeword length implies greater 
compression efficiency, as fewer bits are needed on average to 
represent each symbol from the source. 
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The average codeword length serves as the primary metric 
for evaluating the practical performance of a compression code. 
While Shannon entropy H(X) establishes the theoretical 
minimum, the average codeword length measures how closely a 
specific code approaches that minimum in practice. The 
difference L̄ − H(X) is known as the redundancy of the code [3], 
and quantifies the inefficiency introduced by rounding ideal 
codeword lengths to integer values. A well-designed code 
minimizes this redundancy, and Huffman coding guarantees 
redundancy of less than one bit per symbol. 

G. Optimality of Huffman Coding 

A fundamental result in information theory guarantees that 
Huffman coding produces an optimal prefix-free code. 
Specifically, no other prefix-free code can achieve a smaller 
average codeword length for the same symbol distribution. 

The average codeword length L̄, as defined in equation (2), 
is used here to evaluate compression performance. The 
following theorem, proven by Huffman [2] and formalized in 
information theory textbooks [3][4], establishes the relationship 
between L̄ and H(X): 

Theorem (Huffman Bound): For any Huffman code 
constructed from a symbol distribution with entropy H(X), the 
average codeword length L̄ satisfies: 

H(X) ≤ L̄ < H(X) + 1           (3) 

The left inequality follows directly from Shannon's source 
coding theorem: no lossless code can compress below the 
entropy limit. The right inequality follows from the ceiling 
function applied to the ideal codeword lengths −log₂ p(xᵢ): 
rounding up to the nearest integer introduces at most one extra 
bit per symbol on average [4]. The quantity L̄ − H(X) is called 
the redundancy of the code, and measures how far the code is 
from the theoretical optimum [3]. 

The optimality of Huffman coding can be proven by 
mathematical induction on n (the number of symbols), using the 
exchange argument: any optimal code for n symbols must assign 
the two longest codewords to the two least frequent symbols, 
and those two codewords must differ only in their last bit (i.e., 
they are siblings in the code tree). Assuming by inductive 
hypothesis that Huffman is optimal for n − 1 symbols, merging 
the two least frequent symbols into a single composite symbol 
and applying the inductive hypothesis yields an optimal code for 
the reduced source [8]; restoring the two symbols from the 
composite preserves optimality for the original n-symbol source. 

III. IMPLEMENTATION 

This paper implements the Huffman coding algorithm in the 
C programming language (C99 standard) to analyze and 
compare the compression efficiency of three text corpora. The 
program accepts three input files via command-line arguments 
and produces a structured analysis report for each corpus, 
followed by a side-by-side summary. 

Compilation : gcc src/huffman.c -o huffman 

Usage       : ./huffman datasets/indo.txt 

                        datasets/english.txt 

                        datasets/code.c 

The implementation is organized into several stages 
corresponding to the Huffman coding pipeline. The following 
subsections describe the data structures, processing steps, and 
overall workflow used throughout the experiment. 

A. Data Structures 

Two primary structs are defined to represent the core 
components of the algorithm. 

 

Fig. 3.1.1. Node struct 

The Node struct represents a single node in the Huffman tree. 
Each node stores the character it represents (ch), its frequency 
(freq), an insertion order counter (order) used to break frequency 
ties deterministically, and pointers to its left and right children. 

 
Fig. 3.1.2. HuffmanCode struct 

The HuffmanCode struct stores the codeword assigned to 
each symbol, a bit string of up to 64 characters and its length in 
bits. An array of 256 HuffmanCode entries (one per ASCII 
symbol) constitutes the full code table produced after tree 
traversal. 

 

Fig. 3.1.3. Result struct 

A Result struct aggregates all analysis outputs for a single 
corpus: total character count, unique character count, the 
frequency array, the code table, Shannon entropy, average 
codeword length, original and compressed bit counts, 
compression ratio, and space savings. 
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B. File Reading and Preprocessing 

 

Fig. 3.2.1. The read_file() function 

The read_file() function opens each input file in binary mode 
and reads it character by character. Two preprocessing steps are 
applied before counting: 

• UTF-8 BOM detection: if the first three bytes match the 
UTF-8 Byte Order Mark (0xEF 0xBB 0xBF), they are 
skipped to prevent phantom characters from appearing in 
the frequency table. 

• Newline normalization: carriage return ('\r') and newline 
('\n') characters are excluded from the analysis. This 
ensures consistency across operating systems and 
produces character counts equivalent to those reported by 
text editors such as Microsoft Word. 

The function returns the total number of valid characters 
counted, which is used as the denominator for all subsequent 
probability calculations. 

C. Shannon Entropy Calculation 

 
Fig. 3.3. The calculate_entropy() function 

The calculate_entropy() function computes H(X) as defined 
in equation (1). It iterates over all 256 possible ASCII values, 
and for each symbol with a non-zero frequency, calculates its 
probability p = freq[i] / total_char and accumulates the 
contribution −p × log₂(p). The C standard library function log2() 
from <math.h> is used for the logarithm computation. 

D. Huffman Tree Construction 

 
Fig. 3.4.1. The build_huffman() function 

The build_huffman() function constructs the Huffman tree 
using a min-heap priority queue, implemented as a manually 
managed array-based binary heap (the Heap struct). 

Fig. 3.4.2. Heap struct 

 The construction follows Algorithm 1 from Section II-D: 

• A leaf node is created for each symbol with freq > 0 and 
inserted into the heap. 

• The two nodes of minimum frequency are repeatedly 
extracted, merged into a new internal node, and 
reinserted until one node remains. 

Tie-breaking between nodes of equal frequency is handled 
via the order field: the node inserted earlier into the heap is 
treated as smaller, ensuring deterministic and reproducible tree 
construction across runs. 

Fig. 3.4.3. The heap_push() procedure 

Fig. 3.4.4. The heap_pop() function 
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The heap operations, heap_push() and heap_pop(), maintain 
the min-heap property through upward and downward sifting 
respectively, each running in O(log n) time. 

E. Codeword Generation 

The generate_code() function implements Algorithm 2 from 
Section II-E: a recursive depth-first traversal of the Huffman tree 
that assigns a codeword to each leaf node. The function takes the 
current node, a mutable character buffer accumulating the bit 
string, the current depth, and the code table as parameters. 

At each internal node, the function appends '0' to the buffer 
before recursing left, and '1' before recursing right. Upon 
reaching a leaf, the buffer contents are copied into the code table 
entry for that symbol. A special case handles single-symbol 
inputs, assigning the codeword "0" when the tree has depth zero. 

 

Fig. 3.5. The generate_code() function 

This traversal directly embodies the recurrence relation 
described in Section II-E: the codeword of any node equals the 
codeword of its parent concatenated with one additional bit, with 
the base case being an empty string at the root. 

F. Compression Metrics Computation 

 

Fig. 3.6. The analyze() function 

After the code table is populated, the analyze() function 
computes four key metrics: 

1) Average codeword length L̄ (equation (2)): computed as 
the probability-weighted sum of codeword lengths 
across all symbols. 

2) Original size: total_char × 8 bits, reflecting the baseline 
8-bit ASCII representation. 

3) Compressed size: the sum of freq[i] × table[i].length 
over all symbols, which represents the total number of 
bits in the Huffman-encoded output. 

4) Compression ratio and space savings: 

ratio = compressed bits / original bits 

saving = (1 − ratio) × 100% 

These metrics are stored in the Result struct and used in both 
the per-corpus report and the final comparative summary. 

G. Output 

The program produces two types of output. 

Fig. 3.7.1. The print_top10() function 

The print_top10() function displays, for each corpus, a table 
of the 10 most frequent characters, showing their frequency, 
probability percentage, and assigned Huffman codeword. 
Characters are sorted by frequency in descending order using a 
simple selection sort. Special characters such as space and tab 
are printed with descriptive labels for clarity. 
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Fig. 3.7.2. The print_summary() function 

The print_summary() function displays a consolidated 
comparison table across all three corpora, with columns for total 
characters, unique characters, Shannon entropy H(X), average 
codeword length L̄, compression ratio, and space savings. This 
table forms the primary data source for the experimental analysis 
in Section IV. 

H. Experimental Workflow 

The overall workflow of the experiment is illustrated in 
Figure 3.8. First, the input files are read and preprocessed. 
Character frequencies are then counted and used to compute 
Shannon entropy. Based on these frequencies, the Huffman tree 
is constructed and traversed recursively to generate codewords. 
Compression metrics including average codeword length, 
compression ratio, and space savings are subsequently 
computed. Finally, the results from the three corpora are 
summarized and compared to analyze their relative 
compressibility. 

 

Fig. 3.8. The experimental workflow 
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IV. EXPERIMENT AND RESULTS 

A. Experimental Setup 

To evaluate the compressibility of different text categories 
under Huffman coding, three corpora were prepared and 
analyzed using the program described in Section III. Each 
corpus consists of exactly 5,070 characters, as the datasets were 
matched in size to ensure a fair and direct comparison of 
compression metrics. The corpora are as follows: 

• Indonesian language corpus (indo.txt): a news article 
excerpt in Indonesian, taken from Kompas.com, 
reporting on student demonstrations demanding Vice 
President Gibran Rakabuming Raka to fulfill student 
demands within 5×24 hours [9]. 

• English corpus (english.txt): a news article excerpt in 
English, taken from BBC News, reporting on the 
preliminary US–Iran peace agreement signed at the G7 
summit [10]. Although the specific topics differ, both 
corpora are drawn from contemporary social and 
political news writing, making them comparable in 
register and prose style. 

• C source code corpus (code.c): the first 5,070 characters 
of the program's own source file (huffman.c), 
representing a real-world systems programming text. 
The file is intentionally truncated mid-source and is not 
intended to be compiled independently. 

All corpora were processed in binary mode. UTF-8 BOM 
bytes and line-ending characters ('\r', '\n') were excluded from 
the analysis, producing character counts consistent with standard 
text editors. Analysis is case-sensitive, uppercase and lowercase 
letters are treated as distinct symbols. 

B. Results 

Fig. 4.2.1 Summary of Huffman coding analysis results across three corpora 

 
Fig. 4.2.2. Top 10 characters of Indonesian language corpus 

 
Fig. 4.2.3. Top 10 characters of English corpus 

 
Fig. 4.2.4. Top 10 characters of C source code corpus 

C. Verification of the Huffman Bound 

A key theoretical result established in Section II-G is the 

Huffman bound: H(X) ≤ L̄ < H(X) + 1. Table II verifies this 

bound for all three corpora. 

TABLE II.  VERIFICATION OF THE HUFFMAN BOUND 

Corpus H(X) L̄ H(X)+1 H(X) ≤ L̄ < H(X)+1 

Indonesia 4.3970 4.4316 5.3970 Satisfied 

English 4.4024 4.4331 5.4024 Satisfied 

C Source Code 4.7798 4.8047 5.7798 Satisfied 

The bound is satisfied across all three corpora, confirming 

that the implementation correctly produces optimal prefix-free 

codes. The redundancy values (L̄ − H(X)) are notably small, 

measuring 0.0346, 0.0307, and 0.0249 bits per character, 

respectively. These results indicate that the Huffman codes 

closely approach the theoretical entropy limit in all three cases.  

 



 

Makalah IF1220 Matematika Diskrit, Semester II Tahun 2025/2026 

 

D. Analysis 

Character distribution. The most striking distributional 
difference across the three corpora is the dominance of the space 
character in C source code. Whitespace accounts for 24.00% of 
all characters in the C corpus, nearly double its frequency in 
English (16.06%) and Indonesian (12.76%). This is a direct 
consequence of C's syntactic conventions, as spaces are 
frequently used around operators, between function arguments, 
and in other language constructs. Huffman coding exploits this 
extreme skewness by assigning space a 2-bit codeword in the C 
corpus, compared with 3-bit codewords in both natural language 
corpora. 

Indonesian vs English. The two natural language corpora 
show remarkably similar results across all metrics. Entropy 
differs by only 0.0054 bits/character (4.3970 vs 4.4024), and 
space savings differ by only 0.02 percentage points (44.61% vs 
44.59%). This near-identical compressibility is noteworthy 
given the structural differences between the two languages. 
Indonesian is morphologically agglutinative and contains many 
vowel-rich affixes, while a large proportion of Indonesian words 
are themselves vowel-heavy. As a result, vowels account for a 
significant fraction of the corpus, with 'a' emerging as the most 
frequent character at 15.70%. English, by contrast, distributes its 
frequency more evenly across a broader set of common 
characters, with space (16.06%) and 'e' (10.04%) leading. 
Despite these differences, the resulting entropy values and 
compression ratios converge closely, suggesting that both 
languages, as written in natural prose, exhibit a comparable 
degree of statistical regularity. 

Shannon entropy. The C source code corpus exhibits 
substantially higher entropy (H(X) = 4.7798 bits/char) than both 
natural language corpora (4.3970 and 4.4024 bits/char). This is 
explained by its wider active alphabet: 76 unique characters 
versus 59 and 62 in the Indonesian and English corpora, 
respectively. Programming language text makes regular use of 
characters that rarely appear in natural prose, including 
semicolons, braces, asterisks, underscores, and digits. As a 
result, probability mass is distributed more evenly across a larger 
set of symbols, leading to higher entropy. Higher entropy means 
the source contains more information per character and 
consequently leaves less room for compression. 

Compression efficiency. The natural language corpora 

achieve approximately 44.6% space savings, reducing the 

encoded size from 40,560 bits to roughly 22,470 bits. In contrast, 

the C source code corpus achieves only 39.94% space savings, 

about 4.6 percentage points lower, which is consistent with its 

higher entropy. These findings reinforce the fundamental 

relationship between entropy and compressibility that sources 

with higher entropy contain more information per symbol and 

are therefore inherently more difficult to compress, as their more 

uniform symbol distributions require longer average codewords.     

 

 

V.  CONCLUSION 

The compressibility of a text is fundamentally determined by 
its statistical structure. Through the implementation of Huffman 
coding and the analysis of Shannon entropy, this study showed 
that different categories of text exhibit different compression 
characteristics. Despite their linguistic differences, Indonesian 
and English news articles were found to possess nearly identical 
entropy and compression performance, indicating a similar 
degree of statistical regularity. In contrast, C source code 
exhibited higher entropy and achieved lower compression 
efficiency due to its larger symbol alphabet and more uniform 
character distribution. 

Furthermore, the experimental results confirmed the 
theoretical optimality of Huffman coding. For all three corpora, 
the average codeword length satisfied the Huffman bound H(X) 
≤ L̄ < H(X)+1, demonstrating that the generated codes closely 
approached the entropy limit predicted by Shannon's 
information theory. 

Overall, this study illustrates how concepts from discrete 
mathematics and information theory can be integrated to explain 
and analyze a practical problem in data compression. Through 
binary trees, prefix-free codes, greedy algorithms, and 
mathematical induction, Huffman coding provides an elegant 
bridge between theoretical principles and practical compression. 
The results highlight that the category and statistical properties 
of a text play an important role in determining its 
compressibility. Further studies may extend the analysis to 
larger corpora, additional programming languages, or other 
categories of text to obtain a broader understanding of text 
compressibility. 

SOURCE CODE AT GITHUB 

https://github.com/faaa140307/Makalah-Matdis/tree/main 

VIDEO LINK AT YOUTUBE 

https://youtu.be/ItR2YggSCYs?si=H5zvvGMBXP75-i7O  
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