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Abstract
We propose a probabilistic algorithm for multiple-choice exams with negative marking that
combines deterministic knowledge and data-driven guessing. The algorithm leverages the
portion of questions a student knows for certain, alongside historical exam data, to optimize
guesses on unknown questions. Recursive iterations and goodness-of-fit analysis enhance the
expected score, providing a principled method to maximize the probability of passing, even
when only a fraction of questions are fully understood.

1. Introduction
Multiple-choice exams often penalize incorrect answers, making naive guessing suboptimal.
Students frequently know only a subset of questions with certainty. We develop a hybrid
algorithm that guarantees performance on known questions while improving guessing
strategies on unknown questions using historical data analysis. The goal is to increase the
probability that the total score exceeds a threshold, typically 51%.

2. Problem Setup
Let:

N  = total number of questions
f0 = fraction of questions known with certainty (0 ≤ f0 ≤ 1)
options = number of choices per question
historydata = past exam responses or sample questions for goodness-of-fit analysis
maxiter = maximum number of recursive iterations

The output is:

3. Algorithm
3.1 Deterministic Knowledge

Predicted answers (correct/incorrect)
Estimated total correct fraction
Probability of achieving score ≥ 51



Select f0 ⋅ N  questions that are known with certainty and mark them correct. This component is
deterministic and provides a guaranteed minimum score:

fdeterministic = f0

3.2 Goodness-of-Fit Analysis
For the remaining (1 − f0) ⋅ N  questions:

This analysis identifies options that are statistically more likely to be correct.

3.3 Algorithmic Guessing
For each remaining question:

Define palg as the expected probability of success for the algorithmic guesses.

The combined expected fraction of correct answers becomes:

f1 = f0 + (1 − f0) ⋅ palg

3.4 Recursive Iteration
To further improve the expected score, the algorithm can be applied recursively on its own
output:

fn+1 = fn + (1 − fn) ⋅ palg, n = 1, … ,maxiter

Iteration continues until either the maximum number of iterations is reached or convergence to
a high expected fraction occurs.

3.5 Success Probability
The probability of achieving a score ≥ 51 can be estimated using dynamic programming or
Monte Carlo simulation. If palg has variance σ2, the variance of the total correct fraction is:

σ2
X = (1 − f0)2 ⋅ σ2

1. Compute the relative frequency of each option from historydata for similar questions.
2. Estimate the true probability distribution of options using Maximum Likelihood Estimation

(MLE).
3. Apply a goodness-of-fit test, e.g., χ2, to evaluate consistency with observed option

frequencies.

If the option distribution is strong, select the option with the highest estimated probability.
If historical data is insufficient, choose randomly with probability 1/options.



This allows computation of P(X ≥ 0.51) assuming a normal approximation:

P(X ≥ 0.51) = 1 − Φ( 0.51−f1

σX
)

where Φ is the cumulative distribution function of the standard normal.

4. Analysis

Example: For f0 = 0.25, palg = 0.35, and σ2 = 0.01, the expected score is:

f1 = 0.25 + 0.75 ⋅ 0.35 ≈ 0.5125

This shows that even with only 25% deterministic knowledge, the expected score exceeds 51%,
and the success probability is significant.

5. Conclusion
We presented a hybrid deterministic-probabilistic algorithm for multiple-choice exams with
negative marking. By combining guaranteed knowledge with data-driven guesses, the method
maximizes expected performance. Recursive iterations and goodness-of-fit analysis improve
the probability of passing even with limited certain knowledge.

6. HEAR ME
To maximize the probability of passing a multiple-choice exam using this algorithm, students
should first identify the subset of questions they know with certainty. Marking these questions
correctly guarantees a minimum baseline score, corresponding to f0 ⋅ N , where f0 is the
fraction of fully known questions. For the remaining questions, students should leverage
historical exam data to analyze option frequencies and estimate the most likely correct answers
using goodness-of-fit tests. Selecting options with the highest estimated probabilities, rather
than random guessing, significantly improves the expected score. Iterative application of the
algorithm can further refine the predicted answers, increasing the expected fraction of correct
responses closer to or above 51%.

Execution of the algorithm must account for the probabilistic nature of the unknown questions.
While deterministic knowledge ensures a guaranteed minimum, the algorithmic guesses
introduce variability; therefore, students should treat the output as a distribution of expected

Deterministic component: guarantees a baseline score.
Algorithmic guessing: leverages historical patterns to outperform random guessing.
Recursive improvement: modest gains possible via repeated application.
Variance and probability: higher variance in palg reduces the probability of exceeding
thresholds; low variance improves predictability.



scores. By simulating or calculating the probability that the total score exceeds 51%, one can
assess the likelihood of passing. Practically, careful analysis of historical patterns and repeated
refinement of guesses via recursive iterations are key to ensuring that even with limited initial
knowledge (e.g., 25% of questions), the probability of passing is maximized while minimizing
the risk of negative-marked errors.


