
Data Cleaning: The Underrated Skill in Data 
Science 
 
In the fast-paced world of data science, it’s easy to get caught up in the excitement of 
cutting-edge algorithms, machine learning models, and predictive analytics. However, beneath 
all the advanced techniques lies a foundational but often overlooked step: data cleaning. Also 
referred to as data preprocessing or data scrubbing, this step forms the bedrock upon which any 
successful data-driven project is built. Without clean, reliable data, even the most sophisticated 
models can lead to misleading results or outright failure. 
Despite its critical importance, data cleaning is frequently underemphasised in training, 
underestimated in job roles, and misunderstood by newcomers. Yet, it is one of the most 
time-consuming and essential phases in any data science workflow. Let’s explore why data 
cleaning deserves more attention, what it entails, and how it empowers data professionals to 
generate meaningful insights. 
 
Why Data Cleaning Matters More Than You Think 
 
Raw data collected from various sources—whether sensors, logs, surveys, or business 
transactions—is rarely usable straight out of the gate. It often contains inaccuracies, missing 
values, duplicate entries, or inconsistent formats. These issues not only hinder the effectiveness 
of exploratory data analysis (EDA) but also degrade the performance of machine learning 
models. 
Professionals enrolled in a data scientist course in Hyderabad quickly learn that up to 80% of 
a data scientist’s time can be spent on cleaning and preparing data. This is not a sign of 
inefficiency, but rather a testament to the importance of the task. Clean data improves model 
accuracy, enhances trust in analytics, and supports better business decisions. In domains like 
healthcare, finance, and public policy, the stakes are especially high—faulty data can lead to 
serious consequences. 
 
Common Data Issues That Require Cleaning 
 
Understanding what can go wrong with data is the first step toward cleaning it effectively. Here 
are some of the most common problems data scientists encounter: 

●​ Missing Values: These may arise due to sensor failures, skipped survey questions, or 
incomplete records. Depending on the context, missing values can be imputed, 
removed, or flagged for special treatment. 

●​ Duplicates: Datasets often contain duplicate rows, especially when aggregated from 
multiple sources. These need to be identified and removed to avoid data inflation or bias. 
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●​ Inconsistencies: Variations in formats (e.g., date formats, naming conventions) often 
are the reasons to confusion and incorrect groupings. Standardisation ensures uniformity 
across datasets. 

●​ Outliers: Extreme values that differ significantly from other observations can skew 
results. They must be analysed carefully to determine whether they represent errors or 
legitimate phenomena. 

●​ Incorrect Data Types: Numeric values stored as text or mixed data types in a column 
can disrupt calculations and visualisations. Type conversions are essential to prepare 
data for analysis. 
 

The Tools and Techniques of Effective Data Cleaning 
 
Modern data science tools make data cleaning more efficient, but it still requires critical thinking 
and domain knowledge. Here are a few commonly used tools and methods: 

●​ Python and Pandas: The Pandas library is one of the most powerful tools for handling 
and cleaning data. Functions like dropna(), fillna(), and duplicated() are widely used to 
deal with missing and duplicate values. 

●​ SQL: Structured Query Language (SQL) can be used to filter, sort, deduplicate, and 
validate data in databases. It’s especially useful for enterprise-scale data operations. 

●​ Data Profiling: This involves generating summaries about the data, such as frequency 
distributions and statistics, to identify anomalies. 

●​ Regex and String Functions: Regular expressions and string manipulation help in 
cleaning text data, such as parsing names, correcting typos, or formatting addresses. 

●​ Visualisation: Plotting histograms, boxplots, and scatter plots can reveal hidden issues 
like skewness, anomalies, or clustering errors. 
 

The Role of Domain Knowledge in Data Cleaning 
 
No amount of technical skill can replace the insights offered by domain expertise. 
Understanding the context in which data is collected helps in making informed decisions during 
the cleaning process. For example, an outlier in healthcare data could be a recording error—or 
a symptom of a rare condition. Without context, data scientists may misinterpret the signal. 
Professionals with strong domain understanding can also establish reasonable bounds, set 
meaningful defaults for missing values, and choose appropriate transformations. This makes 
collaboration between data scientists, business analysts, and subject matter experts crucial 
during data preprocessing. 
 
Teaching Data Cleaning in Data Science Curricula 
 
While universities and institutes focus heavily on machine learning and statistics, many have 
started to give due importance to data cleaning. Case studies, real-world projects, and practical 
assignments expose learners to messy datasets that need to be transformed before analysis. 



Hands-on experience with flawed data teaches critical thinking, attention to detail, and the ability 
to diagnose problems systematically. These are not just technical abilities—they’re foundational 
skills that can set one data scientist apart from another in the job market. 
 
Making Peace with the Unseen Hero 
 
Data cleaning may not be glamorous. It lacks the headline appeal of artificial intelligence or 
neural networks. But it’s the quiet force that ensures everything else runs smoothly. Ignoring 
data quality issues is like building a house on unstable soil. At some point, it will 
crumble—regardless of how beautiful or technologically advanced it appears on the outside. 
The next time someone undervalues data cleaning, remind them that even the most intelligent 
models can’t compensate for poor data. Clean, reliable data doesn’t just support 
decision-making—it makes it possible. 
As professionals completing a data scientist course in Hyderabad eventually realise, mastering 
data cleaning is not optional. It is an essential skill that every data practitioner must develop, 
respect, and continuously refine. In the end, clean data is not just better data—it’s the only kind 
that matters. 
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