
102 Data Science interview questions to hire top
engineers

Questions

1. Can you explain what a p-value is in simple terms, and why it's important in data science?

2. What are some common data types you might encounter, and how do you handle them
differently?

3. If you have a messy dataset, what are the first few things you'd do to clean it up?

4. Imagine you're trying to predict whether someone will like a movie. What kind of data
would be helpful, and how would you use it?

5. Explain the difference between supervised and unsupervised learning. Can you give an
example of when you'd use each?

6. What is the meaning of 'overfitting' in a model, and how would you try to fix it?

7. How do you measure the performance of a classification model? What metrics are
important and why?

8. What's the difference between correlation and causation, and why is it important to know
the difference?

9. Describe a situation where you had to explain a complex data analysis to someone who
wasn't technical. How did you do it?

10. What are some common data visualization techniques, and when would you use each
one?

11. Explain what a 'random forest' is, like I'm five.

12. How would you handle missing data in a dataset? What are some different strategies?

13. What is A/B testing and when is it appropriate to use?

14. What is the bias-variance tradeoff? Explain like I'm five.

15. What are some common machine learning algorithms, and what are their strengths and
weaknesses?

16. How would you go about choosing the right machine learning algorithm for a particular
problem?

17. What is the importance of feature engineering in machine learning?

18. What are outliers, and how do you detect and handle them?

19. How do you ensure your data analysis is reproducible?

20. Explain the concept of dimensionality reduction. Why is it useful?

21. What is a confusion matrix, and what does it tell you?

22. How would you explain the concept of 'Big Data' to a non-technical person?

23. Describe a time you had to make a decision based on data that turned out to be wrong.
What did you learn?

24. What are some ethical considerations in data science?

25. What is the purpose of cross-validation?

26. How do you handle imbalanced datasets in classification problems?

27. If your model isn't performing well, what are some things you could try to improve it?

28. What are some common data science tools and libraries you're familiar with?

29. What are some of the biggest challenges you see in the field of data science today?

30. Explain the bias-variance tradeoff. Can you illustrate with an example when a model has
high bias and high variance respectively?

31. How do you handle imbalanced datasets? What are some techniques, and when would
you choose one over another?

32. Describe different feature selection methods. How do you decide which features are the
most important in a model?

33. What is regularization, and why is it important? Explain L1 and L2 regularization.

34. How do you evaluate a classification model? What are precision, recall, F1-score, and
when is each most useful?

35. Explain different types of cross-validation. Why is cross-validation important, and how
does it prevent overfitting?

36. What are the assumptions of linear regression? How can you check if these
assumptions are met, and what can you do if they are violated?

37. Describe the steps you would take to build a recommendation system. What are
different approaches (e.g., collaborative filtering, content-based filtering)?

38. What is the difference between bagging and boosting? Explain how these ensemble
methods work.

39. How do you handle missing data? What are different imputation techniques, and when
would you use each?

40. Explain the concept of gradient descent. How does it work, and what are some
challenges associated with it (e.g., local minima, learning rate selection)?

41. What are some common data visualization techniques? Give examples of when you
would use different types of plots (e.g., scatter plot, histogram, box plot).

42. Explain the differences between type I and type II errors. How do they relate to
hypothesis testing?

43. Describe the curse of dimensionality. How does it affect machine learning models, and
what are some ways to mitigate it?

44. What are some different types of machine learning algorithms (e.g., supervised,
unsupervised, reinforcement learning)? Give examples of problems each type is suited for.

45. Explain the concept of principal component analysis (PCA). How does it work, and what
are some applications of PCA?

46. How would you design an A/B test to evaluate a new feature on a website? What
metrics would you track, and how would you determine statistical significance?

47. Describe how you would detect outliers in a dataset. What are different methods for
outlier detection, and when would you use each?

48. What are activation functions? Why are they important in neural networks?

49. Explain the concept of backpropagation in neural networks. How does it work, and why
is it important?

50. How do you choose the right machine learning algorithm for a specific problem? What
factors do you consider?

51. Explain the concept of a confusion matrix. What information does it provide, and how is
it used to evaluate classification models?

52. What are some common evaluation metrics for regression models? Explain Mean
Squared Error (MSE) and R-squared.

53. How would you approach a data science project from start to finish? Describe the
different stages involved.

54. Explain the concept of regularization and its importance in preventing overfitting.

55. How do you handle missing data in a dataset, and what are the potential biases
introduced by different methods?

56. Describe the differences between L1 and L2 regularization. When would you prefer one
over the other?

57. Explain the bias-variance tradeoff and how it affects model performance.

58. What are ensemble methods, and how do they improve predictive accuracy?

59. Describe the steps involved in building and evaluating a classification model.

60. Explain the concept of cross-validation and its importance in model evaluation.

61. How do you handle imbalanced datasets in classification problems?

62. Describe the differences between supervised, unsupervised, and semi-supervised
learning.

63. Explain the concept of feature engineering and its impact on model performance.

64. What are the assumptions of linear regression, and how can you check if they are met?

65. Describe the differences between parametric and non-parametric models.

66. Explain the concept of principal component analysis (PCA) and its applications.

67. How do you evaluate the performance of a regression model?

68. Describe the differences between precision and recall. When is one more important
than the other?

69. Explain the concept of gradient descent and its role in model training.

70. What are the common challenges faced when working with time series data?

71. Describe the steps involved in building a recommendation system.

72. Explain the concept of A/B testing and its applications in data science.

73. How do you handle outliers in a dataset?

74. Describe the differences between correlation and causation.

75. Explain the concept of feature selection and its benefits.

76. What are the common data visualization techniques used in data science?

77. Describe the steps involved in deploying a machine learning model.

78. Explain how you would approach a data science project from start to finish.

79. How would you design a recommendation system for a streaming service with millions
of users and a vast catalog of content?

80. Describe a situation where you had to deal with a biased dataset. What steps did you
take to mitigate the bias and ensure fair model outcomes?

81. Explain how you would approach a fraud detection problem using machine learning,
considering the class imbalance between fraudulent and legitimate transactions.

82. Walk me through a complex data science project you led, highlighting your role in each
stage, from problem definition to deployment and monitoring.

83. How do you stay updated with the latest advancements in data science and machine
learning, and how do you incorporate them into your work?

84. Discuss your experience with deploying machine learning models to production
environments. What challenges did you encounter, and how did you overcome them?

85. Explain your approach to feature engineering, including techniques for creating new
features and selecting the most relevant ones for a model.

86. Describe a time when you had to communicate complex technical findings to a non-
technical audience. How did you ensure they understood the key insights?

87. How do you evaluate the performance of a machine learning model beyond standard
metrics like accuracy and F1-score, especially in the context of business objectives?

88. Explain your experience with different cloud platforms (e.g., AWS, Azure, GCP) for data
science and machine learning tasks.

89. Discuss your understanding of causal inference and how it can be applied to solve real-
world business problems.

90. Describe a situation where you had to deal with missing data. What imputation
techniques did you use, and why?

91. Explain how you would design an A/B testing framework to evaluate the impact of a
new feature or product change.

92. Discuss your experience with different deep learning architectures (e.g., CNNs, RNNs,
Transformers) and their applications.

93. How do you approach the problem of model interpretability and explainability,
especially for black-box models?

94. Describe a time when you had to work with a large, unstructured dataset. What tools
and techniques did you use to process and analyze the data?

95. Explain your understanding of federated learning and its potential benefits for privacy-
preserving machine learning.

96. Discuss your experience with building and maintaining data pipelines for machine
learning projects.

97. How do you approach the problem of concept drift, where the relationship between
input features and the target variable changes over time?

98. Describe a situation where you had to debug a complex machine learning model. What
strategies did you use to identify and fix the issue?

99. Explain your understanding of generative adversarial networks (GANs) and their
applications.

100. Discuss your experience with using machine learning for natural language processing
(NLP) tasks, such as sentiment analysis or text classification.

101. How would you approach the problem of optimizing the performance of a machine
learning model in terms of both accuracy and computational efficiency?


