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Today’s resources:
• Preliminary survey bit.ly/4sdxgEF
• Online dashboards sounddata.co.nz/dashboard/



How can you ‘prove’ the impact of initiatives on learning?

Quasi-experimental methodExperimental method

• You must compare assessment data of those who experienced the 
initiative with those who didn’t

• The initiative group must make significantly more progress than the 
comparison group and this effect must be large enough to be worth 
attending to.

• Compare naturally occurring groups
• Compare the performance of latest 

cohort with historical performance

• Assumptions
• latest cohort is typical
• The historical record is large enough to 

describe the population

• Compare the performance of two 
equivalent groups

• control and experiment group

• Often very difficult to arrange and 
can be unethical



Summary statistics

Measures of centre (averages)
• mode 

• most frequently occurring 
value

• Medium 
• the middle of ranked data

• mean
• 𝜇 = 𝑥̅ =  

௫భା௫మା௫యା⋯

௡
 

Measures of spread (distribution)
• range

• 𝑅 =  𝑥௠௔௫ − 𝑥௠௜௡

• interquartile range
• 𝐼𝑄𝑅 =  𝑥ொଷ − 𝑥ொଵ

• standard deviation

• 𝜎 =  
௫భି௫̅ మା ௫మି௫̅ మା⋯

௡



The distribution of Year 8 students’ PAT: Mathematics scores (Term 4)
(Lawes, E, 2016) mean = 58.8, sd = 12.2 patm

Continuous scale data - parametric
• Continuous scale: +1 has consistent meaning, so progress from all start points has same 

meaning 
• Parametric: normally distributed (bell curve), mean = median = mode
• e.g. PAT and e-asTTle scale scores, IQ, heights



Continuous scale data – non-parametric
• not normally distributed
• E.g. NCEA credits



Categorical Ordinal data
• Categories that have order
• e.g. curriculum levels, achievement standards …



Categorical nominal data
• Categories that have no order

• Count/frequency or percentage
• Summary: mode
• e.g. Gender, ethnicity, cohortt



Statistical tests for significance
p: the probability that your observations are a random occurrence

probabilityTest result

p > 0.10similar to / no significant difference

0.10 ≥ p > 0.05notable difference

0.05 ≥ p > 0.01significant difference

0.01 ≥ phighly significant difference

The p-value acts as a filter for changes that are statistically similar to 
the normal vaiations that occur from year to year



Associated measure for strength of association or effect size

• Large populations can show significant relationships for very small shifts.  Use related 
tests to show the strength of the association or effect size

• The relative size of the skew on the graph 
• Which measure you use depends on the nature of the test and variables E.g.,

• Scale by nominal independent sample or scale by expected value (e.g., Cohen’s D)
• These trigger points are context dependent and should be varied depending on data 

properties and theoretical assumptions (Cohen 1969; Kraft 2020).

ESEffect size

0.0 ≤ |ES| < 0.1None/minimal
0.1 ≤ |ES| < 0.3Weak/small
0.3 ≤ |ES| < 0.5Moderate
0.5 ≤ |ES|Strong/large



Tests for significant differences and associated effect sizes

https://stats.oarc.ucla.edu/other/mult-pkg/whatstat/

Tests for significance (and effect size)Variables

Related samplesIndependent samplesDependent = 1Independent 

Cat2: One sample binomial test (Rosenthal’s R)
- e.g., Year Level Achieved, School vs National % 
Cat3+: One sample chi-sq test (Phi)
- e.g., Level Qualifications, School vs National distribution
Non-parametric scale: One sample median (Rosenthal’s R)
- e.g., Credits gained, School vs National average ; 
Parametric scale: One sample t-test (Rosenthal’s R)
- e.g., PAT Scale Scores, School vs National average ; 

Categorical, Ordinal
National rates, averages, 
distributions

0 variables
- Theoretical

McNemar’s test (Phi, AR)
- e.g., Below/At+; T1 vs T4

Chi-Square Linear-by-Linear Association test (Gamma)
e.g., UE; this year vs previous years.

Ordinal, Ord ≤ 3
Course Endorsement, UE, Below/At+1 variable

2 levels
- Cohort
- non/Māori
- Gender

3+ levels
- Prioritised 
Ethnicity
- Year
- Room

1IV2L: Wilcoxon signed ranks test 
(Cohen’s D)
- e.g., Curriculum Levels; T1 vs T4

1IV2L: Wilcoxon-Mann-Whitney U rank test (R)
- e.g., YLQ; male vs female. 
1IV3+L: Kruskal-Wallis Anova by ranks (Eta)
- e.g., AS; Prioritised Ethnicity.
1IV3+L: Anom of transformed ranks.
- e.g., progress on CL; School vs all rooms.

Ordinal, Ord ≥ 4
Year Level Qual.
Achievement Stds
Curriculum Levels
Non-Parametric Scale
Credits, SMART

1IV2L: Paired samples t-test (D)
- e.g., Scale score; T1 vs T4

1IV2L: Independent samples t-test (R)
- e.g., Scale score, Māori vs non-Māori.
1IV3+L: Analysis of Variance by means (Eta).
- e.g., progress on s.sc; School vs Room1.
1IV3+L: Analysis of means, Anom.
- e.g., progress on s.sc; School vs all rooms.

Parametric scale
PAT scale scores
e-asTTle s. scores
PaCT s. scores



The independent samples t-test - 1 independent variable with 2 levels: ty v py
- 1 parametric scale dependent variables: scale scores, Achievement or Progress 



number of students 
(previous years or this year )

mean Scale Score and median Stanine
(previous years or this year )

the p-value

The effect size

Computer generated statistical conclusion 
(all you need if you don’t like maths!)

Year Level and Demographics
(All, Y07, Y08, Male, Female, Māori, Pacifica, Asian, 

MELAA, Other Ethnicities, Pakeha, ESOL)





As a continuous scale we can measure and compare progress



Analysis of means, Anom - 1 independent variable with 3+ levels: Many rooms
- 1 parametric scale dependent variable: scale score or change in scale score



One sample t-test - 0 independent variable: theoretical comparison
- 1 ordinal dependent variable: scale score or change in scale score



Dashboards are useful and easy to use!
Feedback data collected from 23 middle leaders

Confident or very confident
How confident are you in your ability to use and 
interpret the DASHBOARD:

61%Independently?

100%With coaching?

Useful or very usefulHow useful is the data in the DASHBOARD for:

91%understanding student achievement and progress?

78%evaluating teaching/learning initiatives?

83%informing future actions?





Data presentations are useful and have an impact!
Useful or very usefulHow useful were the poster and presentations for:

78%
Clarifying your departmental challenges, goals and 
plans?

83%Sharing your departmental challenges, goals and plans?

83%
Understanding the challenges, goals and plans of the 
other departments?

Impact or large impactSurvey question

61%
Do you think your POSTER PRESENTATION had an 
impact on your teaching colleagues?



Leaders are confident and value data-informed 
teaching initiatives

x or very xSurvey Question

78%
How confident are you that your evidence-based 
initiative will lead to improvement? 

78%
Were the outcomes of this process worth the effort you 
had to put in?

78%
How likely are you to recommend this process to 
colleagues at other schools?

78%
How keen are you to engage in this process again next 
year?



(Lai & Schildkamp 2013, Mandinach & Gummer, 2015, Schildkamp et al 2018)



Data Driven Decison Making (DDDM)
• DDDM is a cyclic process of purposeful knowledge construction and decision/action (Lai & Schildkamp, 2013).
• Evaluation data use: positive or negative implications for user (King & Pechman, 1984); 
• How teachers make sense of, respond to, and use evaluation data depends upon:

• the data: 
• high/low stakes (Lewis & Holloway, 2019);
• the data use technology (Fjørtoft & Lai, 2020);

• the individual user:
• beliefs and attiudes (Prenger & Schildkamp, 2018); 
• data literacy (Mandinach et al., 2015);
• implications of data for teacher identity (Lasater, Bengtson, et al., 2020);

• attribute the causes of the data:
• to instruction, student understanding, nature of the test, student charatersitics (Bertrand & 

Marsh, 2015);
• to factors outside the school, school policy, students/classroom, teacher functioning 

(Schildkamp, Poortman, Handelzalts, 2016);
• social interactions:

• leaders (Datnow & Park, 2019);
• the depth, formality and transparency of data use (Vanlommel & Schildkamp, 2019);
• the school data culture (Lasater, Albiladi, et al., 2020);
• the external accountability system (Hargreaves et al., 2013).



Using data to improve teaching, learning and accountability

Data-informed teaching initiatives can improve teaching, learning and accountability 
when:
• They use a wide variety of valid data (input/process/output);
• They use postive data to celebrate strengths and successes as well as negative data 

to indicate weakness for improvement;
• Leaders and teachers are coached and resourced for collaborative data use; 
• Leaders and teachers having agency in their data use in a safe data-culture.

(Marsh, Bertrand et al., 2015; Schildkamp & Poortman, 2015; Poortman & Schildkamp, 2016; Aderet-German & 
Ben-Peretz, 2020; Lai, McNaughton et al 2020, Lasater, Albiladi, et al., 2020)

“Accountability without improvement is empty rhetoric, and improvement without 
accountability is whimsical action without direction” (Earl and Katz, 2006).



The desirable uses of data in schools

• instrumental use – to directly 
influence actions and 
practice; 

• conceptual use – to influence 
mental models and activity 
over time; 

• persuasive or symbolic use –
for a predetermined agenda

• reinforcement – to 
consciously highlight 
individual and school 
strengths. 

(Aderet-German & Ben-Peretz, 2020)



The undesirable uses of data in schools
• non-use – ignoring or cursory data use i.e., ticking the box;
• interpreting data incorrectly – e.g., insufficient data literacy leading to inappropriate 

decisions or actions;
• narrowing the curriculum or teaching to the test;
• falsifying data – e.g., giving inappropriate assistance before or during assessments;
• educational triage and reshaping the data pool – focusing only on those on the threshold of 

passing and transferring less able students to non-examined classes;
• bullying or shaming teachers, leaders and schools

(Booher-Jennings, 2005; Buly & Valencia, 2002; Ehren & Swanborn, 2012; Schildkamp & Ehren, 2013; Ford, 2018; Hardy 
& Lewis, 2017; Susan, 2016; Datnow & Park, 2018; Volante et al., 2020; Lockton et al., 2020; Bertrand & Marsh, 2021)

Data is misused when:
• Data use misrepresents reality to stakeholders;
• Data use has negative consequences for students; 
• Data use removes the opportunity for the improvement of teaching.
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