
 

Short Questions 

1. What is supervised learning?  

Supervised learning is a type of machine learning where models are trained on labeled 
data, learning the relationship between input features and output labels. 

 

2. Define linear regression. 

Linear regression is a statistical method for modeling the relationship between a 
dependent variable and one or more independent variables by fitting a linear equation 
to observed data. 

 

3. Explain the least squares method. 

The least squares method is a standard approach in regression analysis to minimize 
the sum of the squared differences between observed values and those predicted by 
a linear model. 

 

4. What is multiple regression?  

Multiple regression is a statistical technique that models the relationship between a 
single dependent variable and two or more independent variables. 

 

5. How does multiple outputs regression work?  

Multiple outputs regression involves predicting several dependent variables using the 
same set of independent variables. 

 

6. Describe subset selection in regression analysis. 

Subset selection is the process of selecting a subset of relevant features for the 
regression model to simplify the model and improve interpretability. 

 

7. Explain ridge regression. 

Ridge regression is a method of estimating the coefficients of multiple-regression 
models in scenarios where independent variables are highly correlated. It introduces 
a penalty term to the loss function to shrink the coefficients. 

 

8. Define Lasso regression. 



 

Lasso regression (Least Absolute Shrinkage and Selection Operator) is a regression 
analysis method that performs variable selection and regularization to enhance the 
prediction accuracy and interpretability of the statistical model it produces. 

 

9. What is Linear Discriminant Analysis (LDA)?  

LDA is a method used in statistics, pattern recognition, and machine learning to find 
a linear combination of features that characterizes or separates two or more classes 
of objects or events. 

 

10. Describe logistic regression. 

Logistic regression is a statistical model that in its basic form uses a logistic function 
to model a binary dependent variable, although many more complex extensions exist. 

 

11. What is the Perceptron learning algorithm?  

The Perceptron learning algorithm is a type of linear classifier, i.e., a classification 
algorithm that makes its predictions based on a linear predictor function combining a 
set of weights with the feature vector. 

 

12. How does regularization affect regression models?  

Regularization adds a penalty on the size of coefficients to prevent overfitting, which 
can improve the model's ability to generalize. 

 

13. Compare Lasso and ridge regression. 

Both Lasso and ridge regression add a penalty to the loss function, but Lasso can 
reduce some coefficients to zero, performing variable selection, while ridge regression 
only shrinks coefficients. 

 

14. When would you use LDA over logistic regression?  

LDA is preferred when the assumptions of normality and equal variances hold true for 
the data, while logistic regression is used when these assumptions are not met. 

 

15. How does multiple regression handle collinearity?  

Multiple regression can be sensitive to collinearity, potentially inflating the variance of 
coefficient estimates. Techniques like ridge regression are used to address collinearity. 

 



 

16. What are the assumptions of linear regression?  

Linear regression assumptions include linearity, independence, homoscedasticity, and 
normality of residuals. 

 

17. How do you interpret regression coefficients?  

Regression coefficients represent the change in the dependent variable for a one-unit 
change in the predictor variable, all else being equal. 

 

18. What is the purpose of subset selection?  

The purpose is to select the most relevant features to simplify the model, reduce 
overfitting, and improve model performance. 

 

19. How does the Perceptron algorithm update weights?  

The Perceptron algorithm updates weights by adding or subtracting the input vector, 
multiplied by a learning rate, whenever it misclassifies a training example. 

 

20. Discuss the importance of feature scaling in linear models. 

Feature scaling is important because it ensures that all features contribute equally to 
the model, improving convergence in gradient descent algorithms. 

 

21. Explain the concept of multicollinearity. 

Multicollinearity occurs when two or more predictors in a regression model are highly 
correlated, making it difficult to discern the individual effect of each predictor. 

 

22. How can Lasso regression be used for feature selection?  

Lasso regression can zero out some coefficients, effectively selecting a simpler model 
with only the most important features. 

 

23. What is the difference between linear and logistic regression?  

Linear regression is used for predicting continuous outcomes, while logistic regression 
is used for binary or categorical outcomes. 

 

24. Describe the process of validating a linear regression model. 



 

Model validation involves checking the model's assumptions, analyzing residuals for 
patterns, and using techniques like cross-validation to assess its predictive 
performance. 

 

25. What criteria can be used for subset selection?  

Criteria include the Akaike Information Criterion (AIC), Bayesian Information Criterion 
(BIC), and adjusted R-squared values. 

 

26. What is the difference between simple and multiple linear regression?  

Simple linear regression involves one independent variable, while multiple linear 
regression involves two or more. 

 

27. How do you assess the fit of a linear regression model?  

The fit can be assessed using R-squared, adjusted R-squared, mean squared error 
(MSE), and residual analysis. 

 

28. What is multicollinearity, and why is it a problem?  

Multicollinearity is when independent variables in a regression model are highly 
correlated, leading to unreliable coefficient estimates. 

 

29. How does ridge regression address multicollinearity?  

Ridge regression adds a penalty proportional to the square of the magnitude of 
coefficients, which helps reduce the impact of multicollinearity. 

 

30. What is the significance of the alpha parameter in Lasso and ridge regression?  

The alpha parameter controls the strength of the penalty applied to the coefficients, 
with higher values leading to more regularization. 

 

31. How can you interpret logistic regression coefficients?  

 Logistic regression coefficients represent the log odds of the outcome for a one-unit 
increase in the predictor variable. 

 

32. In what scenarios is logistic regression preferred over linear regression?  



 

Logistic regression is preferred when the dependent variable is categorical or binary, 
not continuous. 

 

33. Describe the steps in performing Linear Discriminant Analysis. 

Steps include computing the mean vectors for each class, calculating the between-
class and within-class scatter matrices, computing the eigenvalues and eigenvectors, 
and selecting linear discriminants for the new feature space. 

 

34. What are the limitations of the Perceptron learning algorithm?  

The Perceptron can only classify linearly separable sets and may not converge if the 
data is not linearly separable. 

 

35. How do you choose between Lasso and ridge regression for a given dataset?  

Lasso is preferred for models that benefit from feature selection, while ridge is chosen 
when reducing multicollinearity without excluding variables. 

 

36. What is the bias-variance tradeoff?  

The bias-variance tradeoff is the balance between the model's simplicity (bias) and its 
ability to perform well on unseen data (variance). 

 

37. Explain model complexity in supervised learning. 

Model complexity refers to the number of features or parameters in a model, with 
more complex models potentially capturing more detailed patterns but also risking 
overfitting. 

 

38. Define the concept of overfitting. 

Overfitting occurs when a model learns the training data too well, including its noise, 
resulting in poor performance on new, unseen data. 

 

39. How does cross-validation work?  

Cross-validation involves dividing the dataset into a number of subsets, training the 
model on some subsets while testing it on the remaining, and averaging the model's 
performance across different trials. 

 

40. What is bootstrapping in model assessment?  



 

Bootstrapping is a resampling technique used to estimate the accuracy or stability of 
a model by repeatedly sampling with replacement from the dataset and evaluating 
model performance. 

 

41. Describe the Bayesian Information Criterion (BIC). 

BIC is a criterion for model selection among a finite set of models; it's based on the 
likelihood function and includes a penalty term for the number of parameters in the 
model. 

 

42. How do you estimate in-sample prediction error?  

In-sample prediction error can be estimated using the mean squared error (MSE) or 
mean absolute error (MAE) calculated on the training dataset. 

 

43. What is the effective number of parameters?  

The effective number of parameters is a measure of model complexity, considering 
both the number of predictors and the impact of regularization. 

 

44. Explain optimism in the training error rate. 

Optimism in the training error rate refers to the tendency of the training error to 
underestimate the true error rate on new, unseen data. 

 

45. How is the bias-variance tradeoff related to model performance?  

 A good balance in the bias-variance tradeoff is crucial for optimal model performance; 
too much bias leads to underfitting, while too much variance leads to overfitting. 

 

46. Discuss the role of cross-validation in model selection. 

Cross-validation helps in assessing how the results of a statistical analysis will 
generalize to an independent dataset and is used to select a model that performs best 
in this regard. 

 

47. What are the advantages of bootstrapping methods?  

Advantages include estimating the distribution of a statistic without making strong 
assumptions about the data and improving the reliability of model evaluation metrics. 

 

48. How does BIC compare to AIC in model selection?  



 

Both BIC and AIC aim to select models that balance fit and complexity, but BIC 
includes a stronger penalty for models with more parameters, favoring simpler models 
than AIC might. 

 

49. What is conditional or expected test error?  

Conditional or expected test error refers to the error rate of a model when applied to 
new data, taking into account the randomness of selecting a particular test set. 

 

50. How can model complexity influence bias and variance?  

Increasing model complexity typically reduces bias but increases variance, 
necessitating a balance to achieve optimal model performance. 

Given the extensive list, I'll continue the answers from where we left off, providing 
concise responses for each question: 

 

51. Describe the process of selecting the optimal model complexity. 

The process involves evaluating model performance across different levels of 
complexity using a validation set or cross-validation and selecting the complexity that 
minimizes validation error. 

 

52. Explain the concept of regularization in reducing overfitting. 

Regularization introduces a penalty on the size of model coefficients to prevent the 
model from fitting the training data too closely, thus reducing overfitting. 

 

53. How does bias affect machine learning models?  

Bias is the error from erroneous assumptions in the learning algorithm, leading to 
underfitting if the model is too simple to capture the underlying pattern. 

 

54. What strategies can be used to reduce variance in predictions?  

Strategies include increasing training data size, reducing model complexity, and using 
ensemble methods. 

 

55. How do you interpret the results of cross-validation?  

Cross-validation results, typically mean and standard deviation of performance metrics 
across folds, provide insight into how the model is expected to perform on unseen 
data. 



 

 

56. What is the purpose of the training error rate?  

The training error rate indicates how well the model fits the training data, but it may 
not accurately reflect the model's ability to generalize. 

 

57. How can the effectiveness of a model's in-sample prediction error be evaluated?  

By comparing it to out-of-sample prediction error estimates like those obtained from 
cross-validation to assess generalization. 

 

58. Describe the concept of the effective number of parameters in a model. 

It quantifies the complexity of the model, considering not just the number of 
parameters but also the constraints or penalties applied to them. 

 

59. How does the Bayesian approach influence model selection?  

The Bayesian approach incorporates prior knowledge and evidence from the data to 
evaluate models, often favoring models that balance fit and complexity. 

 

60. What are the benefits and drawbacks of using cross-validation?  

Benefits include a more accurate estimate of model performance; drawbacks include 
increased computational cost and potential variability in performance across folds. 

 

61. Explain how bootstrap methods are applied in model assessment. 

By repeatedly sampling from the training dataset with replacement and evaluating the 
model on these samples, bootstrap methods estimate the variability of model 
performance. 

 

62. What is meant by conditional or expected test error in model evaluation?  

It refers to the expected error rate of the model on new data, given the training data 
used to build the model. 

 

63. How does one balance bias and variance in a machine learning model?  

By selecting a model complexity that neither overfits (high variance) nor underfits 
(high bias), often through regularization and model selection techniques. 

 



 

64. Why might one prefer Bayesian Information Criterion (BIC) over other model selection 
criteria?  

BIC is preferred for its emphasis on simplicity, penalizing models with more 
parameters more heavily than AIC, thus reducing the risk of overfitting. 

 

65. What are the implications of high variance in model predictions?  

High variance can lead to overfitting, where the model captures noise in the training 
data, resulting in poor performance on unseen data. 

 

66. How do Generalized Additive Models (GAM) differ from linear models?  

GAMs allow for non-linear relationships between each predictor and the response 
variable through the use of smooth functions, providing more flexibility than linear 
models. 

 

67. What are the key considerations in building regression trees?  

Considerations include choosing split points that maximize the reduction in variance 
(for regression) or impurity (for classification), and deciding when to stop growing the 
tree to avoid overfitting. 

 

68. Describe the methodology behind classification trees. 

Classification trees use measures like Gini impurity or information gain to choose splits 
that best separate the classes in the target variable. 

 

69. How does the AdaBoost algorithm function?  

AdaBoost combines multiple weak learners (simple models) into a strong learner by 
iteratively adding models that correct the mistakes of the combined ensemble. 

 

70. What is meant by exponential loss in the context of boosting?  

Exponential loss is used by AdaBoost and penalizes misclassified points, focusing the 
algorithm's attention on harder cases in subsequent iterations. 

 

71. How do regression trees handle continuous and categorical data?  

Regression trees split continuous variables at points that reduce variance in the target 
variable and split categorical variables into groups that minimize variance. 

 



 

72. What are the advantages of using boosting methods over single models?  

Boosting can reduce both bias and variance by combining multiple weak models into 
a more accurate and robust ensemble. 

 

73. How can overfitting be controlled in boosted models?  

By limiting the number of boosting rounds, using regularization techniques on the 
weak learners, and employing techniques like cross-validation for 

 

 early stopping. 

 

74. In what ways can trees be pruned to improve model performance?  

Trees can be pruned by removing branches that have little impact on the prediction 
accuracy to reduce complexity and improve generalization. 

 

75. What are the considerations in choosing the depth of a decision tree?  

The depth should be chosen to balance model complexity with the risk of overfitting, 
often determined through cross-validation. 

 

76. What are Generalized Additive Models (GAM)?  

GAMs are a flexible generalization of linear models that allow for non-linear 
relationships between the predictors and the response by using smooth functions. 

 

77. Describe regression trees. 

Regression trees are decision trees designed for continuous response variables, 
splitting data to minimize variance within each node. 

 

78. Explain classification trees. 

Classification trees are decision trees used for categorical outcomes, creating splits 
that best separate the classes according to some criterion like Gini impurity or entropy. 

 

79. What is boosting in machine learning?  

Boosting is an ensemble technique that combines multiple weak learners into a strong 
learner, sequentially focusing on difficult to classify instances. 

 



 

80. Define AdaBoost. 

AdaBoost, short for Adaptive Boosting, is a boosting algorithm that combines multiple 
weak classifiers into a strong classifier by adjusting the weights of incorrectly classified 
instances. 

 

81. How does boosting improve model accuracy?  

Boosting improves accuracy by focusing on training instances that previous models 
misclassified, thereby correcting errors iteratively. 

 

82. What is the exponential loss function in boosting?  

The exponential loss function measures the difference between the actual and 
predicted classifications and is used in AdaBoost to update weights. 

 

83. Discuss the advantages of using additive models. 

Additive models can capture complex, non-linear relationships without assuming a 
specific form for the data distribution, offering flexibility and interpretability. 

 

84. How do trees handle categorical variables?  

Trees split on categorical variables by grouping levels that lead to the most significant 
improvement in the splitting criterion (like purity or variance reduction). 

 

85. Compare boosting to bagging. 

Boosting sequentially corrects errors of weak learners and reduces bias and variance, 
while bagging runs learners independently and averages their predictions, primarily 
reducing variance. 

 

86. How does AdaBoost select weak learners?  

AdaBoost selects weak learners by iteratively choosing the model that best reduces 
the weighted error rate on the training data. 

 

87. What role does the loss function play in boosting?  

The loss function guides the boosting algorithm in how to prioritize and correct errors 
made by previous models in the ensemble. 

 



 

88. Describe the process of building a regression tree. 

Building a regression tree involves recursively splitting the data on features that 
minimize the variance in the target variable until a stopping criterion is met. 

 

89. How can additive models be applied to classification problems?  

For classification, additive models use logistic or other link functions to combine 
smooth functions of predictors for probability estimation. 

 

90. What is tree pruning and why is it important?  

Tree pruning reduces the size of a decision tree by removing parts that have little 
power in predicting target values, helping to improve model generalization and reduce 
overfitting. 

 

91. Explain the concept of feature importance in tree models. 

Feature importance measures how useful each feature is in constructing the tree 
model, based on how much it improves the splitting criterion (like reduction in 
impurity). 

 

92. How do boosting algorithms reduce bias and variance?  

Boosting algorithms sequentially focus on difficult instances by adjusting weights, 
thereby improving model accuracy and robustness. 

 

93. Describe the splitting criteria in decision trees. 

Splitting criteria include measures like Gini impurity, information gain, and variance 
reduction, used to decide where to split the data to best separate the target variable's 
classes or reduce variance. 

 

94. How does GAM handle non-linear relationships?  

GAM handles non-linear relationships by fitting smooth, non-linear functions to each 
predictor while combining them additively to predict the response. 

 

95. What are the limitations of tree-based models?  

Limitations include a tendency to overfit, sensitivity to changes in the data, and the 
heuristic nature of the splitting criteria, which may not find the optimal tree. 

 



 

96. Discuss the importance of tree depth in model performance. 

Tree depth affects model complexity; deeper trees can capture more detailed patterns 
but risk overfitting, while shallower trees may underfit. 

 

97. How do ensemble methods improve prediction accuracy?  

Ensemble methods combine multiple models to reduce errors from variance, bias, or 
both, often leading to more accurate and robust predictions than any single model. 

 

98. What are the key parameters in boosting algorithms?  

Key parameters include the number of boosting rounds, learning rate (which controls 
the contribution of each tree), and the parameters governing the complexity of the 
base learners. 

 

99. Explain how decision trees can be used for regression. 

In regression, decision trees predict continuous values by splitting the data into nodes 
with the most homogeneous values and predicting the mean outcome for each leaf 
node. 

 

100. How do you interpret the results from a boosted model?  

Interpretation involves assessing the contribution of each feature and understanding 
how individual predictors influence the predicted outcome, often visualized through 
partial dependence plots. 

 

101. What are the key differences between supervised and unsupervised learning? 
Supervised learning uses labeled data to train models, while unsupervised learning 
finds patterns or structures in unlabeled data. 

 

102. How do you handle missing data in regression analysis?  

Options include imputation, using models that accommodate missing data, or omitting 
observations with missing values, depending on the context and extent of 
missingness. 

 

103. Discuss the importance of data preprocessing in machine learning. 

Data preprocessing, including cleaning, normalization, and feature selection, is crucial 
for improving model accuracy, efficiency, and interpretability. 



 

 

104. What metrics can be used to evaluate a regression model?  

Common metrics include Mean Squared Error (MSE), Root Mean Squared Error 
(RMSE), Mean Absolute Error (MAE), and R-squared. 

 

105. What metrics can be used to evaluate a classification model?  

Metrics include accuracy, precision, recall, F1 score, and area under the ROC curve 
(AUC-ROC). 

 

106. How can machine learning models be deployed in production?  

Deployment involves integrating the model into an existing production environment, 
ensuring it can receive input and provide predictions efficiently and reliably. 

 

107. Explain the concept of ensemble learning. 

Ensemble learning combines multiple models to improve prediction performance, 
leveraging diversity among models to reduce errors. 

 

108. How do you select the right algorithm for a machine learning problem?  

Selection is based on the problem type, data characteristics, desired interpretability, 
computational resources, and empirical performance. 

 

109. What are the challenges in applying linear methods to real-world data?  

Challenges include non-linearity, high dimensionality, multicollinearity, and outliers, 
which may require advanced techniques to address. 

 

110. Discuss the role of hyperparameter tuning in model performance. 

Hyperparameter tuning optimizes the model's settings to improve performance on 
unseen data, often using techniques like grid search or random search. 

 

111. How can model interpretability be improved?  

Interpretability can be improved by using simpler models, feature selection, providing 
explanations of model decisions, and using visualization techniques. 

 

112. What are the ethical considerations in machine learning?  



 

Ethical considerations include bias and fairness, privacy, transparency, accountability, 
and the impact of automated decisions on individuals and society. 

 

113. How do you ensure the robustness of machine learning models?  

Ensuring robustness involves thorough validation, handling outliers and missing data 
effectively, and testing the model against various scenarios and adversarial examples. 

 

114. What are the common pitfalls in model assessment and selection?  

Common pitfalls include overfitting, underestimating validation errors, ignoring model 
assumptions, and overreliance on a single metric for model selection. 

 

115. How does feature engineering affect model performance?  

Effective feature engineering can significantly improve model performance by 
introducing more relevant information, reducing noise, and making the data more 
suitable for modeling. 

 

116. How is model complexity related to the training and testing error?  

Increasing model complexity typically decreases training error but can increase testing 
error due to overfitting if the complexity becomes too high. 

 

117. What strategies are effective for handling imbalanced datasets in classification?  

Strategies include resampling the dataset, using weighted classes, choosing 
appropriate metrics, and employing ensemble methods tailored to imbalance. 

 

118. How do ensemble methods leverage multiple models to improve accuracy?  

Ensemble methods combine predictions from multiple models to reduce variance, bias, 
or both, often leading to better performance than any individual model. 

 

119. Describe the trade-offs between interpretability and accuracy in model selection. 

There's often a trade-off where more complex models may offer higher accuracy but 
lower interpretability, and vice versa, requiring a balance based on the application's 
needs. 

 

120. How does feature selection impact the performance of machine learning models?  



 

Feature selection can improve performance by removing irrelevant or redundant 
features, reducing overfitting, and making the model simpler and faster to train. 

 

121. What role does data scaling play in the performance of linear models?  

Data scaling ensures that features contribute equally to the model's predictions, 
improving the convergence of optimization algorithms and the overall model 
performance. 

 

122. How can cross-validation be used to select hyperparameters?  

Cross-validation assesses the performance of different hyperparameter settings on 
separate data folds, helping to choose the settings that generalize best. 

 

123. Discuss the importance of domain knowledge in feature engineering. 

Domain knowledge can guide the creation of meaningful features, improve model 
interpretability, and increase predictive power by incorporating expert insights. 

 

124. What are the common causes of overfitting, and how can it be prevented?  

Causes include too complex a model, too little training data, and noise in the data. 
Prevention strategies include simplifying the model, getting more data, and using 
regularization. 

 

125. How do you validate the assumptions of a linear regression model?  

Validating assumptions involves checking for linearity, normality of residuals, 
homoscedasticity, independence of errors, and the absence of multicollinearity 
through diagnostic plots and tests. 

 

 


