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BACKGROUND
At the outset of laboratory sessions, first year UCL students fill out a questionnaire about their expectations of labs, 

the scripts and the demonstrators. In addition to this, questions are asked to determine the demographic of the 

cohort so that these factors could be considered when analysing trends in responses. The purpose of this practice is 

to both understand students’ expectations as well as to maximise their experience.  

The questions assessed in this study (as they appear in the questionnaires) were:

Figure 1. : Supervised Learning Pipeline. The Ml Algorithm trains on samples, allowing it to make

MACHINE LEARNING ALGORITHM FOR MULTI-LABEL TEXT CLASSIFICATION

QUESTION 4 - MANUAL vs AUTOMATIC TEXT CLASSIFICATION

• The responses for Q4 were manually classified to provide training data for the machine learning algorithm using 

categories laid out by Dr Kirsty Dunnett in her Analysis Report. 

• The category(s) and justification were provided for each response in an excel spreadsheet

• The document was converted to a .csv file and sent over to both the machine learning and data analysis teams 

for further scrutiny.  

NATURAL LANGUAGE PROCESSING

VECTORISATION OF RESPONSES

RECURRENT NEURAL NETWORK MODEL LAYERS

MODEL ACCURACY

VECTORISATION OF CATEGORIES (MULTI-HOT ENCODING)

CONCLUSIONS & FUTURE WORK

• Embedding layer: converts the sparse high-dimensional vectorized responses, into low-

dimensional dense vectors of majority non-zero elements. This increases model efficiency.

• TT is the most common category in both manual and automatic 

categorisation.

• TD, US, UT and UU categories have been overestimated which might be 

a result of over-fitting. 

• The model has performed well for TX, UI, UP, and UX categories despite 

their relatively uncommon occurrence.

• TR and TU have been underestimated.

• UD has not been predicted, probably due to very low occurrence and 

poor training of the model on that category.

precision = true positive
true positive + false positive

recall = true positive
true positive + false negative

f1 score = 2 × precision × recall
precision + recall

The machine learning algorithm only processes numerical values. The responses were 

therefore mapped to a vector space as arrays, whose elements represented single words. 

Each response was separated into word ’tokens’. These were assigned an integer value 

greater than zero determined by their occurrence in all the responses. The greater the 

integer, the less frequent the word ‘token’ throughout all the responses. 

Our neural network model comprises a linear stack of layers, analogous to 

the neural networks in our brain and is illustrated in figure 2.

• Circles = neurons

Figure 3. displays the flow diagram used to implement the 

machine learning algorithm in Python code.

Figure 2. shows the structure of a Sequential 

Neural Network model with three main layers.

Our project consisted of 3 main strands:

• Manual classification of Q4 data (Q1 had 

been classified by PAB and KD already). 

• Analysis of Q1 and Q4 responses and 

investigating the trends.

• Developing a machine learning (ML) 

tool to automate the classification 

process.

MANUAL CLASSIFICATION

NEURAL NETWORK MODEL

multiple categories has multiple 1s at the corresponding columns. Encoded Categories:
[ ‘TD’ , ‘TR’ , ‘TT’ , ‘TU’ , ‘TX’ , ‘UD’ , ‘UI’ , ‘UP’ , ‘US’ , ‘UT’ , ‘UU’ , ‘UX’  ]

e.g. [[1],[5]]-->[[-0.12,0.5],[1.3,2.5]]

• Long Short-Term Memory (LSTM) layer: As a deep learning layer, this does most of the hard 

work of the model. Through a 'memory bank' it finds patterns in the responses that are 

dependent on the whole response, as well as the other responses. 

• Dense layer: the output layer of the model. It has the same amount of neurons as 

categories. An activation Sigmoid function converts outputs to values between 0 and 1, 

representing the probability of a category describing a response. The threshold (minimum 

probability for a response to be categorised within a certain category) is decided by 

assessing the model’s accuracy for different thresholds.

• Training data is split into train and test (validation) data.

Steps in supervised machine learning:

Figure 4. displays the accuracy assessment of the model.

• Precision = 0.77

Before feeding the data into an algorithm it must be in a form that makes it analysable i.e. in 

a state where it can be vectorised. Converting the text data into a form useful for the 

algorithm was achieved through Natural Language Processing (NLP) and text pre-processing. 

Figure 8.  A comparison of manual and automatic

NLP involves ‘normalising’ the data through linguistic trimming (e.g. word stemming and 

lemmatisation), while pre-processing techniques involve ‘cleaning’ the data i.e. removing 

stop-words such as ‘and’, removing punctuation., and lowercasing all words.

Overall, the model has achieved a relatively good accuracy and automates many hours of manual work in seconds, 

paving the way for analysis immediately.  Physics education projects like this one are pivotal in improving the 

effectiveness of student learning.

• The model overfitting and not correctly predicting low occurring categories such as UD, could be ascribed to the 

unequal distribution of responses across the categories. This means that the model became better at learning 

high occurring categories and tailored the model as such.

• Represent responses as vectors using the Word2Vec vectorization method. This finds the mapping of a word to a 

vector through other words in its vicinity. It thus clusters words in the vector space together based on not only 

semantic meaning but common themes. 

• More data could also have supplied the model with more training opportunities. This could have been achieved 

through augmentation. This creates new data by altering existing data, such as, replacing words with their 

synonyms or swapping words around in a sentence. Another way of creating more data would be to distribute 

the same questionnaire to other universities and collating more responses.
Work available at: https://github.com/hsayginel/YEAR-3-GROUP-PROJECT

• The machine learning algorithm could be applied to Q2 and Q3 of the questionnaire to see how applicable it is and 

find further trends in responses. 

categorisation of Q4.

• F1 Score = 0.66

• Recall = 0.60

• Layers = circle rows

• Straight lines = connections between the layers, 

mathematically compiled as a weight matrix

• The model is trained on training data and makes predictions on 

the test data for validation. 

• Unclassified data can be passed after training for predictions.

QUESTION 1 – ‘LABORATORY EXPECTATIONS’ ANALYSIS

Figure 5. The positive and negative expectations from native

and non-native speakers across 2015-2019.

Figure 6. Expected independence from native and

non-native speakers across 2015-2019.

Figure 7. Normalised frequencies of positive and negative

expectations for each course stream across 2015-2017,

combined for native and non-

• Responses in Q1 are clustered into “Positive” and

“Negative” attitudes towards first year lab sessions.

• The ratio of the negative to positive responses for native English students is consistently above a half. There is a 

sudden decrease in 2018-2019, perhaps due to the delayed effect of changes on the A-Level syllabus.

• The dominant type of response is positive for non-native speakers among all analysed years except for 2015-2016.

This could be due to language unfamiliarity and having worries about whether negative responses would be

offensive (as was investigated by Uppsala university, Sweden).

Ø In figure 6, expected independence in the laboratory was

generally lower and fluctuated less for non-natives than for

natives.

Ø Despite natives’ independence being affected by the recent A-

level adjustments, the non-natives have regularly experienced

communication problems when studying in a foreign language.

• Medical Physicists: Had the highest ratio (67%) of

positive responses, possibly due to their small

population.native speakers.

For a threshold of 0.4: 

Q1. What are your expectations of physics laboratories?
Q4. What do you think is the purpose of physics experiments?

(U/T)X: Do or improve experiments with(out) 
reference to a laboratory setting

UI: To gain independence

UP: To understand traits and behaviour of  a 
physicist

US: Reference to skills/future and experience 
relevant to the future

TR: Discovery/unexpected results

(U/T)D: Obtain data with(out) reference to a 

laboratory setting

(U/T)T: Proving, testing, understanding or 

demonstrating theories or hypotheses 

with(out) reference to a laboratory setting

(U/T)U: Develop an understanding of physics, 

the world or the universe with(out) reference 

to a laboratory setting

Explanation of categories:

University College London

• Several responses involved both “fun” and “difficult” 

categories as students were both excited and concerned 

about working in a university laboratory for the first time.

• In figure 5, the most frequent category in the positive sub-

theme is “fun, engaging, interesting” and for the negative is

“difficult, hard, complicated".

POSITIVE-NEGATIVE SUB-THEMES

ENGLISH AS A FIRST LANGUAGE

INDEPENDENCE IN THE LAB

COURSE STREAMS

• Straight Physicists: Seemed more enthusiastic about

practical physics than theoretical and astrophysicists.

• Astrophysics and Theoretical Physicists: Mostly negative

responses due to interests in astrophysical and theoretical

research respectively and concern about lack of support.

predictions on unseen data.

Categories were also mapped into a vector form so they could be passed to the model. 

Unlike the word vectors, the category vectors can only have values of 0 and 1, 

corresponding to negative and positive. The row vector has the same number of columns 

as there are categories. Each column represents 1 category. Therefore, a response with
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