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Build a Weather Prediction Model 
Student workbook 
What you will learn 
Define the feature, binary label and future prediction window without using future inputs. 
Calculate proportions, an average and prediction error with clear denominators. 
Implement a Python rule and learn a threshold by scoring training examples. 
Evaluate locked predictions on later observations and compare with a baseline. 
Explain limitations and propose an improvement with a fresh-test plan. 
What you will submit 
Your code, a locked prediction register, a labelled graph and a one-page model card. Include a peer review and your own exit ticket. You can earn full credit by explaining a weak model honestly. 
First judgement 
An advert says a model is 89% accurate. Would that be enough to trust it? What else would you ask? 
_______________________________________________________________________ 
_______________________________________________________________________ 
_______________________________________________________________________ 
Roles: the driver runs the code and the checker verifies meaning and calculations. Swap halfway through the build. Keep future test outcomes hidden until the teacher announces the reveal. 





The training dataset 
Real BOM observations from Sydney Observatory Hill 066214, September 2025. Input = RH at 9am. Outcome = rainfall over the NEXT 24 hours, from the following date’s BOM row. Label 1 means at least 0.2 mm. Label 0 means less than 0.2 mm. Rain is already shifted here. 
	Input day 
 
	9am RH % 
 
	Next 24 h rain mm 
 
	Label 
 

	1 Sep 
	56 
	32.8 
	1 

	2 Sep 
	83 
	0.0 
	0 

	3 Sep 
	55 
	0.2 
	1 

	4 Sep 
	43 
	0.0 
	0 

	5 Sep 
	67 
	0.0 
	0 

	6 Sep 
	63 
	0.0 
	0 

	7 Sep
	74 
	0.0 
	0 

	8 Sep 
	44 
	2.2 
	1 

	9 Sep 
	73 
	6.8 
	1 

	10 Sep 
	93 
	122.0 
	1 

	11 Sep 
	98 
	8.4 
	1 

	12 Sep 
	64 
	0.0 
	0 

	13 Sep 
	58 
	0.0 
	0 

	14 Sep 
	75 
	0.0 
	0 

	15 Sep 
	55 
	0.0 
	0 

	16 Sep 
	45 
	0.0 
	0 

	17 Sep 
	58 
	0.2 
	1 

	18 Sep 
	46 
	0.0 
	0 

	19 Sep 
	61 
	3.6 
	1 

	20 Sep 
	50 
	0.0 
	0 


 
Example: 10 September RH 93% pairs with the 122 mm ending at 9am on 11 September. The 20 training inputs are 1–20 September. Nine later inputs, 21–29 September, form the test. Do not use future values as input features. 
BOM original observations 
https://www.bom.gov.au/climate/dwo/202509/html/IDCJDW2124.202509.shtml 
Investigate and propose a rule 
1. At 9am, which information could be an input? Give a reason. 
	Field 
 
	Available now and why 
 

	RH measured at 9am 
 
	 
 

	Same-day RH at 3pm 
 
	 
 

	Maximum temperature from 9am 
 
	 
 

	Rain recorded next day at 9am 
 
	 
 


 
2. Use the 20 training rows. Write both a count and a denominator. 
Rain windows ______ / ______ = ______ % 
Sum of RH ______. Mean RH = ______ / ______ = ______ % 
Among RH ≥ 70: rain windows ______ / ______ = ______ % 
Why does mean humidity differ from probability of rain? 
_______________________________________________________________________ 
3. Propose a human rule before seeing the test outcomes. 
Predict rain if RH is at least ______ %. Otherwise predict ______. 
One training row that supports this rule: ______________________ 
One training row that challenges it: __________________________ 
Reason for the threshold: 
_______________________________________________________________________ 
_______________________________________________________________________ 
Python data block 
Copy this block first or open the prepared starter. Each tuple stores input day, RH and already aligned future rain. The dates refer to September 2025. No live download is needed. 
# Real BOM observations, Sydney Observatory Hill, September 2025.# Each tuple: input day, 9am RH (%), rain in NEXT 24 h (mm).# Rain has already shifted from the following day's BOM row.from statistics import meantrain = [    (1, 56, 32.8), (2, 83, 0), (3, 55, 0.2),    (4, 43, 0), (5, 67, 0), (6, 63, 0),    (7, 74, 0), (8, 44, 2.2), (9, 73, 6.8),    (10, 93, 122.0), (11, 98, 8.4), (12, 64, 0),    (13, 58, 0), (14, 75, 0), (15, 55, 0),    (16, 45, 0), (17, 58, 0.2), (18, 46, 0),    (19, 61, 3.6), (20, 50, 0)]test_days = list(range(21, 30))test_rh = [41, 46, 47, 48, 43, 39, 31, 73, 68]assert len(train) == 20 and len(test_rh) == 9assert all(0 <= rh <= 100 and rain >= 0           for day, rh, rain in train) 
Explain to your partner why the tuple (10, 93, 122.0) uses values from two different source dates. 
_______________________________________________________________________ 
_______________________________________________________________________ 

Python training block 
Append this block. Replace ___A___ with the comparison operator for “at least”. Replace ___B___ with the number of rows in data. Set human_t before the test reveal. Keep all other candidate rules fixed. 
def predict(rh, threshold):    return int(rh ___A___ threshold)def accuracy(data, threshold):    correct = sum(predict(rh, threshold) == int(rain >= 0.2)                  for day, rh, rain in data)    return correct / ___B___human_t = 70  # You may change this BEFORE the test reveal.candidates = [60, 70, 80, 90]scores = {t: accuracy(train, t) for t in candidates}# Ascending candidates: a tie selects the lower threshold.best_t = max(scores, key=scores.get)wet_train = sum(rain >= 0.2 for day, rh, rain in train)baseline = int(wet_train > len(train) / 2)  # tie: dryprint("Training wet fraction:", wet_train, "/", len(train))print("Mean 9am RH:", mean(rh for day, rh, rain in train))for t, score in scores.items():    print("Threshold", t, "training accuracy", round(100*score, 1))print("Learned threshold:", best_t)human_pred = [predict(rh, human_t) for rh in test_rh]learned_pred = [predict(rh, best_t) for rh in test_rh]base_pred = [baseline] * len(test_rh)print("LOCK these predictions before seeing test labels")for day, h, m in zip(test_days, human_pred, learned_pred):    print(day, "human", h, "learned", m) 
Boundary check: predict(69,70) ___   predict(70,70) ___   predict(71,70) ___ 
What did best_t learn? Which examples chose it? 
_______________________________________________________________________ 
The prediction register 
Finish this page before the reveal. All dates are input dates in September 2025. Write 1 for predicted rain and 0 for predicted less than 0.2 mm. The baseline always predicts the most common training label. 
Human threshold ______ %     Learned threshold ______ % 
	Input day 
	RH % 
	Human prediction 
	Learned prediction 
	Actual label after reveal 

	21 
	41 
	 
	 
	 

	22 
	46 
	 
	 
	 

	23 
	47 
	 
	 
	 

	24 
	48 
	 
	 
	 

	25 
	43 
	 
	
	 

	26 
	39 
	 
	 
	 

	27 
	31 
	 
	 
	 

	28 
	73 
	 
	 
	 

	29 
	68 
	 
	 
	 


 
Training scores: 60% RH _____   70% RH _____   80% RH _____   90% RH _____ 
Baseline label _____ because __________________________________ 
Locked at _______   Driver initials _______   Checker initials _______ 
Teacher or peer confirms the predictions were recorded before outcomes: _______ 
Check log 
	Check 
 
	Pass or fix 
 

	20 training rows and 9 test feature values 
	 

	Three boundary outputs match the intended rule 
	 

	Input day 10 has future rain 122 mm 
	 

	Training scores use train only 
	 


 Python evaluation after the reveal 
Append this block only after locking predictions. Replace the empty list with the nine rain amounts supplied by the teacher in date order. Do not change your saved predictions. The assertion stops the program until the list is complete. 
# Append only after predictions are locked and labels revealed.# The teacher supplies these nine outcomes in date order.test_rain = []  # Enter the nine revealed outcomes here.test_y = [int(rain >= 0.2) for rain in test_rain]assert len(test_y) == len(test_rh)def evaluate(actual, predicted):    assert len(actual) == len(predicted) and len(actual) > 0    tp = sum(a == 1 and p == 1 for a, p in zip(actual, predicted))    fp = sum(a == 0 and p == 1 for a, p in zip(actual, predicted))    fn = sum(a == 1 and p == 0 for a, p in zip(actual, predicted))    tn = sum(a == 0 and p == 0 for a, p in zip(actual, predicted))    acc = (tp + tn) / len(actual)    return acc, tp, fp, fn, tnnames = ["Baseline", "Human rule", "Learned rule"]predictions = [base_pred, human_pred, learned_pred]results = [evaluate(test_y, p) for p in predictions]for name, result in zip(names, results):    acc, tp, fp, fn, tn = result    print(name, round(100*acc, 1), "%", "TP FP FN TN", tp, fp, fn, tn) 
TP = correct rain, FP = false alarm, FN = missed rain, TN = correct dry. 
Check: TP + FP + FN + TN should equal ______ for every model. 
Trace the input date with a missed rain event. What does the error tell you? 
_______________________________________________________________________ 
_______________________________________________________________________ 
Python chart and test results 
Append the chart block and save weather_test_accuracy.png. The graph shows the same nine test inputs for every model. Matplotlib must be available. 
import matplotlib.pyplot as pltvalues = [100 * r[0] for r in results]plt.bar(names, values, color=["grey", "#BD872B", "#438566"])plt.ylim(0, 100)plt.ylabel("Test accuracy (%)")plt.title("Sydney Sep 21-29, 2025: 9 held-out inputs")for i, value in enumerate(values):    plt.text(i, value + 1, f"{value:.1f}%", ha="center")plt.tight_layout()plt.savefig("weather_test_accuracy.png", dpi=160)plt.show() 
	Model 
 
	Correct / 9 
 
	Accuracy 
 
	False alarms 
 
	Missed rain 
 

	Baseline 
 
	 
 
	 
 
	 
 
	 
 

	Human rule 
 
	 
 
	 
 
	 
 
	 
 

	Learned rule 
 
	 
 
	 
 
	 
 
	 
 


 
Error rate = 1 − accuracy. Learned error rate ______ % 
Did learning beat the baseline? Explain with numbers. 
_______________________________________________________________________ 
_______________________________________________________________________ 
How many actual rain events were there? ______. How many did the learned model catch? ______. What does that change about your first judgement? 
_______________________________________________________________________ 
Your model card 
A one-page record for the fictional sports organiser. Attach your labelled chart separately or paste it into a digital version. Use the actual model results, even if they are disappointing. 
	Purpose and target 
 
	What event, place and future time window does this model predict? 
__________________________________________________ 
__________________________________________________ 
 

	Data and split 
 
	Station, month, feature, training n and test n 
__________________________________________________ 
__________________________________________________ 
 

	Method 
 
	Human threshold, learned threshold and baseline 
__________________________________________________ 
__________________________________________________ 
 

	Evidence 
 
	Test accuracy, false alarms, missed rain and chart filename 
__________________________________________________ 
__________________________________________________ 
 

	Decision 
 
	Would this model alone justify an event plan? What else is needed? 
__________________________________________________ 
__________________________________________________ 
 

	Limits 
 
	Two specific limits of the data, target or model 
__________________________________________________ 
__________________________________________________ 
 

	Improvement and next test 
 
	One change, why it may help, and how to keep a fresh test 
__________________________________________________ 
__________________________________________________ 
 


 
One sentence I will use in my evidence pitch: 
_______________________________________________________________________ 
_______________________________________________________________________ 


Peer review and individual exit ticket 

	Review check 
 
	Pass or suggested change 
 

	One date pairing and one percentage are correct 
 
	 
 

	Graph and confusion counts agree 
 
	 
 

	Test labels did not choose the threshold 
 
	 
 

	Claims include limits and a fresh-test plan 
 
	 
 


 
Revision made after review: 
_______________________________________________________________________ 
Individual exit ticket 
1. A model gets 7 of 9 cases correct. Give its accuracy and error rate. 
_______________________________________________________________________ 
2. Why is next-day observed rainfall a label but an invalid 9am input? 
_______________________________________________________________________ 
_______________________________________________________________________ 
3. What did our program learn, and which data chose it? 
_______________________________________________________________________ 
_______________________________________________________________________ 
4. How can 88.9% accuracy hide a poor rain detector? 
_______________________________________________________________________ 
_______________________________________________________________________ 



Optional deeper investigations 
Different summaries 
Calculate mean and median of the 20 next-window rain amounts. Explain why the two values differ. Should you delete an unusually large but valid observation? Why? 
from statistics import mean, medianamounts = [rain for day, rh, rain in train]print(mean(amounts), median(amounts), max(amounts)) 
_______________________________________________________________________ 
_______________________________________________________________________ 
Different costs 
Suppose a missed rain event costs 3 points and a false alarm costs 1. These are invented classroom costs. Compare thresholds 50, 60, 70, 80, 90 using TRAINING examples. Minimise 3 × FN + FP. Explain the trade-off and plan a fresh later test. Do not call a second attempt on the old test unseen. 
_______________________________________________________________________ 
_______________________________________________________________________ 
_______________________________________________________________________ 
A small denominator 
Find the rain frequency after RH ≥ 90 in the training data. Explain why this fraction cannot guarantee a future outcome. What evidence would make you more confident? 
_______________________________________________________________________ 
_______________________________________________________________________ 
Source and coding references 
BOM original observations 
https://www.bom.gov.au/climate/dwo/202509/html/IDCJDW2124.202509.shtml 
BOM observation definitions 
https://www.bom.gov.au/climate/dwo/IDCJDW0000.shtml 
Python statistics 
https://docs.python.org/3/library/statistics.html 
Matplotlib bar charts 
https://matplotlib.org/stable/api/_as_gen/matplotlib.pyplot.bar.html 
Weather data: © Commonwealth of Australia, Bureau of Meteorology. Accessed 5 October 2026. Full source and image credits are in the Teacher Guide and PowerPoint notes. 
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