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Abstract: Digital practice platforms can support repeated coding practice, but their value in English-
medium undergraduate courses depends on how feedback, language demands, and assessment are
aligned. This study analysed 293 valid assessment records from four successive offerings of an
introductory data science course in a Sino-foreign cooperative programme. The cohorts represented
Chinese-medium traditional teaching (2021), bilingual platform-supported teaching (2022), English-
medium instruction with increased textbook and assessment difficulty (2023), and English-medium
instruction with data-informed assessment adjustment (2024). Welch's one-way analysis of variance
showed substantial cohort differences in overall grades, F(3, 160.14) = 48.03, p < .001, n? = .331. The
2022 cohort exceeded the 2021 cohort by 5.47 points (p = .011; Hedges' g = 0.51). The overall mean
then fell by 18.18 points in 2023 before recovering by 15.38 points in 2024 (p < .001; g = 1.68). The
overall pass rate recovered from 69.44% to 97.22%. Correlations between formative and final-
examination grades remained positive but were numerically lower in the later cohorts. The results
support a coordinated model in which digital practice, language scaffolding, formative tasks, and
summative assessment difficulty are treated as one instructional system rather than independent
reforms.
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1. Introduction

Undergraduate data science is not a single-skill subject. Students are expected to move between
statistical reasoning, programming, data management, visualisation, and interpretation in context.
Evidence from recent data science teaching suggests that regular work with digital exercises,
particularly when students use the feedback rather than merely receive it, is associated with stronger
course performance . Online project-based courses offer a related lesson: authentic tasks are more
useful when they are arranged in a sequence that helps students connect technical work with later
academic and professional choices [?1. Automated grading has a clear place in programming education
because it provides rapid correctness checks and allows repeated attempts. Its limits are equally clear,
however; it is generally better at judging whether code runs than at supporting explanation,
interpretation, or code quality 1. A systematic review of technology-supported formative assessment
found that the tool itself is only part of the picture. Clear purposes, a close fit between assessment and
pedagogy, and teachers who can interpret process data are also needed ™. The form of feedback
matters too. More complex error messages may increase cognitive processing demands without helping
students understand what to do next 1. Under English-medium instruction (EMI), these demands are
layered onto differences in language preparation. Studies in Chinese higher education show that access
to language and academic support is uneven across students [, In a first-year EMI chemistry course,
English proficiency alone was not enough to ensure a smooth transition; some difficulties remained and
required sustained support [/,

However, few empirical studies have examined how digital practice, an EMI transition, and
subsequent assessment adjustment interact across successive cohorts within the same practice-intensive
undergraduate course.

The course examined here was offered under four successive instructional conditions. The annual
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offerings are treated as cohort-level packages, since technology use, teaching language, and assessment
could not be separated experimentally. The analysis asks three questions: (1) how did grade levels and
score distributions differ across the four cohorts; (2) how were the 2023 EMI transition and the 2024
assessment adjustment related to performance; and (3) what association was observed between
formative grades and final-examination grades?

2. Course Context and Reform Design
2.1. Course and Learners

Introduction to Data Science is a core subject in the Big Data Management and Application major
of a Sino-foreign cooperative undergraduate programme. Its content ranges from data acquisition and
cleaning to visualisation, basic statistics, Python programming, and introductory modelling. The
students were not a uniform group. Some arrived with prior coding experience, while others had only
limited preparation in programming or mathematics. During the same period, the programme was also
introducing more English-language materials into the curriculum.

2.2. Four Teaching Conditions

The four offerings differed in several practical respects, as summarised in Table 1. In 2021,
teaching was mainly face to face and in Chinese, with little structured online practice. EduCoder was
introduced in 2022 to organise coding tasks in stages, and UMOOC carried course resources and
learning records. The 2023 offering changed more sharply: instruction moved fully into English, an
English textbook was adopted, and the assessment became more demanding. Full EMI was retained in
2024, but the final assessment and the process-evaluation scheme were revised after the 2023 results
had been considered. These were overlapping changes, so the dataset cannot show how much of the
observed difference came from language, platform use, textbook choice, or assessment adjustment on
its own.

Table 1: Teaching conditions across the four cohorts.

Cohort Language Digital tools Materials Assessment condition

2021 Chinese Limited inlne Chinese textbook Theory-oriented
practice
2022 Bilinoual EduCoder + Chinese textbook; | Practice-driven; stronger
& UMOOC bilingual slides formative assessment
2023 | English-medium UMOOC English textbook Higher linguistic and
assessment difficulty

2024 | English-medium UMOOC English textbook Data-informed

assessment adjustment

Note. EduCoder is an online programming-practice platform; UMOOC is the institutional learning
platform used for resources and learning records.

3. Data and Methods
3.1. Data and Measures

The analysis excluded records associated with deferred examinations, suspension of study, or an
invalid academic status. This left 293 students: 75 in 2021, 74 in 2022, and 72 in each of 2023 and
2024. For each student, the dataset contained a formative grade, a final-examination grade, and the
recorded overall grade, each expressed on a 0-100 scale. In the notation used below, F;., E;., and G,.
refer respectively to the formative, final-examination, and overall grades of student i in cohort c. The
university calculated the overall grade using the following rule:

G, = round(0.50 F, +0.50 E,,) (1)

where round(-) denotes conventional half-up rounding to the nearest integer. For each score

component S;.( formative, final-examination, oroverallgrade ), the cohort pass and excellence rates
were calculated as:
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P.(S) = niz 1(S;. > 60) (2)
Ci=1
X.(S) = niz 1(S,. > 85) 3)

i=1
where I(-) is an indicator function. A score of at least 60 was defined as passing, and a score of at

least 85 as excellent, for each component. The analyses used recorded raw scores; no cohort-wise z-
score transformation was applied.

3.2. Analysis

Descriptive statistics were first calculated separately for each cohort, including the mean, median,
sample standard deviation, pass rate, and excellence rate. The shape of the overall-grade distributions
was examined with boxplots and Gaussian kernel density curves. Welch's one-way analysis of variance
was chosen because the cohort sizes and variances were not identical. Games-Howell comparisons
were then used for pairwise contrasts, with Hedges' g reported to indicate effect size. Pearson chi-
square tests were applied to overall pass and excellence rates, and Cramér's V was used to describe the
strength of those differences. Finally, Pearson's correlation coefficient was calculated within each
cohort to estimate the linear association between formative and final-examination grades:

Z:lcz 1(Fic - Fc)(Eic - Ec)

r.=
— 2 —\2
\/Z:%: 1(Fic - Fc) Z:%: 1(Eic - Ec)

95% confidence intervals for these correlations were derived using Fisher's z transformation and
back-transformed to the correlation scale, and Spearman rank correlations were computed as a
sensitivity analysis. For visualisation, an ordinary least-squares regression line was fitted to each
cohort's formative-final scatter. Correlation was interpreted as association rather than agreement or
causation, and all tests were two-sided with a=.05.

“

4. Results and Discussion
4.1. Cohort Outcome Patterns

The cohort profiles in Table 2 are quite distinct. The highest overall mean was observed in 2022,
when the mean reached 81.16 and 41.89% of students met the excellence threshold. Performance
declined sharply in 2023: the mean fell to 62.99, only 69.44% passed, and no student obtained an
excellent overall grade. In 2024, the mean rose to 78.36 and the pass rate returned to 97.22%. Scores
were also less dispersed that year, with an overall standard deviation of 8.45, although the formative
grades were concentrated within a narrow range.

Table 2: Main assessment outcomes by cohort.

Indicator 2021 2022 2023 2024
n=175) (n="174) n="172) n="72)
Formative mean (SD) 85.16 (9.46) 87.81(9.33) 69.08 (11.14) 85.94 (4.54)
Formative pass rate 97.33% 100.00% 80.56% 100.00%
Final-exam mean (SD) 66.23 (12.84) 73.99 (14.27) 56.90 (11.39) 70.78 (14.72)
Final-exam pass rate 76.00% 86.49% 43.06% 81.94%
Overall mean (SD) 75.69 (10.44) 81.16 (10.79) 62.99 (9.72) 78.36 (8.45)
Overall pass rate 97.33% 97.30% 69.44% 97.22%
Overall excellence rate 9.33% 41.89% 0.00% 20.83%

Note. SD = sample standard deviation. Pass = score > 60; excellence = score > 85.

Table 3 shows that the differences were not only visible in the raw summaries. The omnibus effect
was largest for formative grades, and the effect for overall grades was also large. The pairwise results
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tell a straightforward story: a moderate gain from 2021 to 2022, a pronounced fall in 2023, and a
sizeable recovery in 2024.

Table 3: Inferential comparisons across cohorts.

Analysis Outcome / contrast Estimate )/ Effect size
Welch ANOVA Formative grade F(3, 149.73)=51.19 <.001 n?=.413
Welch ANOVA Final examination F(3, 159.80) =25.33 <.001 n?=.189
Welch ANOVA Overall grade F(3, 160.14) = 48.03 <.001 n>=.331
Games-Howell 2022 -2021 +5.47[0.95, 9.99] .011 g=0.51
Games-Howell 2023 -2022 -18.18 [-22.59, -13.76] <.001 g=-1.76
Games-Howell 2024 - 2023 +15.38 [11.43, 19.32] <.001 g=1.68

Note. n? is reported descriptively; Hedges' g is reported for pairwise effects.
Overall pass rates differed significantly across cohorts, y*(3) = 48.70, p <.001, Cramér's V = .408.
Overall excellence rates also differed significantly, y*(3) = 48.44, p <.001, Cramér's V=407 .

4.2. Platform-Supported Improvement in 2022

The 2022 results were better than those of 2021, both in the overall mean and in the number of
students reaching the upper score range. The boxplot in Figure 1 does not suggest that scores simply
became more uniform; rather, the centre of the distribution moved upward. One practical difference in
that year was the opportunity to work through coding tasks repeatedly. Students could run a solution,
see where it failed, make a correction, and submit again. UMOOC, meanwhile, provided a stable place
for materials and learning records.
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Figure 1: Boxplot of overall course grades across the four teaching conditions.

Recent data science research reports that students who complete more feedback-supported exercises
tend to achieve stronger outcomes, although feedback must remain focused enough to avoid
unnecessary cognitive effort [,

The present result is also consistent with the programming-education literature, which identifies
immediacy and repeated submission as important affordances of automated systems 1.

However, the 2022 condition also included bilingual instruction and stronger formative assessment.
The observed improvement therefore reflects the combined instructional design and cannot be
attributed to the platform alone.
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4.3. EMI Transition and the 2023 Decline

The 2023 decline appeared at the same time as three major changes: full EMI, an English textbook,
and a harder assessment. Students therefore had to read disciplinary English while simultaneously
debugging code and interpreting output. It is reasonable to view this combined demand as part of the
explanation for the lower scores. Still, the design cannot tell us whether language, examination
difficulty, or differences in the cohort contributed most.
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Figure 2: Kernel density distributions of overall course grades across teaching conditions.

The density curves in Figure 2 add some detail to the mean comparisons. The 2023 score
distribution shifted toward the lower end of the scale, while the 2024 curve moved back toward the
distributions seen before the full-EMI transition and was relatively compact. This pattern should be
read alongside earlier EMI research. In Chinese higher education, students do not enter English-
medium programmes with equal academic and linguistic support (/. Difficulties can also persist after
the transition even when students have adequate general English proficiency ["). In EMI lectures, deeper
understanding has been linked to motivation and learning strategy as well as to language proficiency 31,
For this course, a gradual transition would therefore be more defensible than an abrupt one. Bilingual
terminology, annotated code, short diagnostic tasks, and low-stakes debugging can prepare students
before they face open-ended assessment entirely in English.

4.4. Assessment Adjustment and the 2024 Recovery

Although EMI continued in 2024, the cohort's overall performance returned to a range comparable
with 2021 and 2022. The Games-Howell results support this interpretation: the 2024 mean did not
differ significantly from the 2021 mean (p=.324) or the 2022 mean (p=.303). A plausible
interpretation is that language demands, formative support, and the final assessment were better
matched than in 2023. However, the evidence does not support a more specific causal attribution. Since
several elements were adjusted together and item-level results were unavailable, the recovery cannot be
attributed to a single change in the examination.

Recent higher-education assessment research emphasises that authentic assessment should preserve
meaningful performance demands while making criteria and progression visible to students 1.

A review of emerging assessment technologies similarly concludes that technology is most useful
when assessment, feedback, and evaluation design are studied together rather than as separate technical
functions 1%,

For future course offerings, assessment adjustment should be documented through common anchor
items, item difficulty, question type, English reading load, coding-task proportion, and formative-task
completion. These records would allow stronger conclusions about whether later cohorts improved
because of learning support, assessment design, or both.
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4.5. Formative-Summative Association

The Pearson correlation coefficients were » = .747 for 2021 (95% CI [.627, .833]), r = .658 for 2022
(95% CI[.505,.771]), r=.488 for 2023 (95% CI[.289,.646]), and r=.359 for 2024 (95%
CI [.139, .545]). Spearman's p values were .490, .677, 499, and .443, respectively. Thus, the linear
coefficients were lower in the later cohorts, but they should not be treated as evidence that the two
assessment components agreed less well. Correlation describes association, not interchangeability. The
cohort-specific scatterplots and fitted regression lines are shown in Figure 3.
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Figure 3: Formative grades and final-examination grades by cohort.

The 2024 formative scores deserve separate attention. Their standard deviation was only 4.54, and
many students were graded near the top of the scale. When scores occupy such a narrow range, a
Pearson correlation coefficient can be attenuated even when a genuine association remains. The
concentration may also indicate that the process assessment had limited discriminative capacity. A
stronger design would give more weight to tasks that combine problem interpretation, coding,
debugging, evaluation of output, and a brief explanation of the reasoning used.

The combined evidence suggests four practical design priorities for future offerings (Table 4).

Table 4: Data-informed implications for course redesign.

Observed pattern Instructional interpretation Recommended response
2022 upward shift Repeat.e.d practice yv1th1n a Retain staged codlqg and require
bilingual design explanation
2023 broad decline Language and assessment Stage EMI with l?lhngugl
demands rose together terminology and diagnostics
2024 recove Support and assessment were Use anchor items; document
y better aligned difficulty and reading load
Compressed 2024 Possible ceiling effect in process | Add integrated debugging and
formative scores assessment justification tasks

Note. Recommendations are derived from the cohort patterns and should be evaluated prospectively.
4.6. Robustness and Limitations

Mean differences, pass-rate changes, effect sizes, boxplots, and density curves showed the same
broad sequence: improvement in 2022, decline in 2023, and recovery in 2024. Separately, the
Spearman sensitivity analysis confirmed that formative and final-examination grades remained
positively associated in every cohort. These converging indicators reduce the likelihood that the main
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findings were produced only by a small number of extreme scores.

The annual grades were not based on a common equated examination, which limits any direct
comparison of achievement across years. The study also concerns one course at one institution. Over
the four offerings, the teaching language, textbook, platform configuration, formative work, teacher
experience, cohort composition, and examination difficulty did not remain fixed. Information on prior
English proficiency, programming experience, student demographics, individual test items, and
platform activity was also unavailable. For these reasons, the results are best understood as differences
in recorded cohort outcomes, not as causal estimates on a stable achievement scale. A future study
would be stronger if it retained a common assessment blueprint, included a small set of anchor items,
recorded English reading load and item difficulty, and checked formative tasks for both alignment and
ceiling effects.

5. Conclusions

The four cohorts show a clear, though not causal, sequence. Performance was higher in the
bilingual, platform-supported 2022 offering than in 2021. It then dropped substantially when full EMI,
an English textbook, and a more demanding assessment were introduced together in 2023. Following
the 2024 adjustment, scores recovered to a level that was not statistically different from the earlier
cohorts.

The practical message is that these course elements cannot be planned independently. Digital
practice may give students useful opportunities to act on feedback, but it needs to prepare them for the
reasoning required in the final assessment. The language transition also requires dedicated scaffolding
rather than being treated as a simple change of textbook or classroom language. Future research should
record instructional and assessment changes in detail, retain common anchor tasks, and combine grades
with learning logs and measures of students' language background.
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