BMDS7010-03 Self-study issued 13 March 2025

Continuing to learn SPSS: Data cleaning, recoding and visualising variables

As mentioned in the last sync session, the only way to improve one’s SPSS skills is practice. The objective here is to gradually increase confidence to do some basic data analysis, especially if you need to use stats in you main or other projects. It’s all a bit step-by-step but not too difficult. 

This continues the approach used in the SPSS “run-through” in the last sync session, so if you didn’t see/do that - its important you review that first. 

Within the broad plan for BMDS7010 self-studies, this part comprises:

[image: ]

Background
In any data project, data import and cleaning are critical steps in managing large datasets e.g. population, waiting lists and patient survey data. Datasets will often contain missing values due to incomplete data entry, patient non-response or data transfer errors. Additionally, incorrect entries, such as out-of-range values, can occur during data collection so need to be identified and rectified (to maintain data integrity).
This self-study will emulate these challenges by introducing obviously missing and erroneous data within a synthetic dataset. Through this practice, you will gain experience in:
· Importing data Formats: Generally handling of different file types (e.g. Excel, CSV, SPSS typed) is analogous to here where we import CSV.

· Handling Missing Data: It will explain the best way to manage incomplete data.

· Detecting Data Entry Errors: More relevant in large datasets - identifying out-of-range or invalid values to maintain the accuracy.

· Recoding of Variables: How to transform continuous variables into categorical groups (e.g., age groups) as this can sometimes be more meaningful.
By becoming familiar with these little techniques in SPSS, you will gain confidence to work with more complex datasets.



BMDS 7010-03 Data Import of a Synthetic Dataset*
*If you are unfamiliar with synthetic datasets, see Appendix 1.
====
Import the Synthetic Dataset file
Importing Data from the CSV into SPSS
1. Navigate to Import:
· Look for “Recent Files” tab
· The look for “Open another file”…
· Double Click on File > Open > Data.... navigate to 200_records_synthetic_data.csv and Open
2. Select File Type:
· Choose CSV (*.csv) from the file type dropdown menu.
3. Locate and Select Your File:
· Browse to synthetic_data.csv and click Open.
4. Study the Text Import box labelled Read CSV File
· Follow the prompts to define delimiters, variable types, and other import settings.
· Ensure that variable names are correctly identified.
· Click OK to import.
Check out the Data View and Variable View tabs in the light of the sync session run-thru – familiarise yourself with the differences that each view shows. The data view should show 200 records.

Checking data types
Remember that SPSS will only work if its datatypes are well-defined. Double check there in the Variable View tab that all your data types are now set to numeric: (note they will start off having several string types). While all are numeric, some are categorical (even though they are stored as numbers). Here’s how they are classified:
	Variable
	SPSS Measurement Level
	Data Type

	ID (Unique identifier)
	Nominal
	Numeric

	Age (Years)
	Scale
	Numeric

	Gender (“Male”/“Female”)
	Nominal
	String (Text)

	Waiting_time (Days)
	Scale
	Numeric

	Smoker (“Yes”/“No”)
	Nominal
	String (Text)

	Patient_satisfaction (1-10)
	Ordinal
	Numeric


Use the variable view to ensure all variables are correctly typed.

Identifying and Handling Missing Data
Missing data can affect the quality of your analysis. It’s very common in real world data. You need a quick method to identify and handle them: remember where you have thousands of bits of data manual inspection would be difficult.

Know about “Missing” Data 
You need to be cautious about missing data and if in doubt just delete records from the dataset that have missing values. There are several ways you can modify data, e.g. through imputation or “filling-in” missing values (using methods like mean substitution or more advanced techniques like regression estimation). The advantage of imputation is it reduces bias and maintains sample size – (if you just miss something out, the missing data is ignored or if complete-case analysis is used, it removes cases with missing values). Using it may mean that the sample size remains large enough for meaningful statistical analysis. However, the disadvantage of course is that imputation can introduce error, inaccuracies or artificial patterns in the data, leading to misleading results or overestimating relationships. Its use is common in real world data analysis, however. Imputation can be done automatically by SPSS but is a bit too involved at this early stage. For now, just find and delete those rows as below that have missing data. After that you should be left with 196 records.
The best way to find missing data is not to eyeball it but use SPSS syntax. Just go to New>syntax
Note - Often you will not be able to work out why syntax works, but if you can intuitively or directly test that the result is correct, it often the best way. In the following syntax it looks complex because it must handle mixed numeric and string missing data. It needs to separate conditions. Just copy and paste the code into the syntax editor select it (including any periods as they are part of the code) and hit the green triangle to run just that code on your dataset:
[bookmark: OLE_LINK3]COMPUTE missing_flag = (SYSMIS(age) OR SYSMIS(waiting_time) OR SYSMIS(patient_satisfaction) 
                        OR (smoker = "") OR (gender = "")).
EXECUTE.
FILTER BY missing_flag.
LIST ID age gender waiting_time smoker patient_satisfaction.

Just for completeness (you don’t really need to know) this syntax uses a feature called SYSMIS(var) for empty numeric variables (age, waiting_time, patient_satisfaction) and empty strings ("") finds text variables (smoker, gender). Then the FILTER BY part displays only those records with values – i.e. it hides complete cases, so you can distinguish rows with missing data which can be selected and deleted a below…
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AI-generated content may be incorrect.]

You should manually delete by selecting those rows that are shown with incomplete data – the ones without the cross marks. Be careful with manual deletion, but its probably safer than automatic deletion. Also be aware you should save frequently so if you make an error you can go back to that point or else use the SPSS “Save Restore Point” function under the File menu. That means if you mess up (can happen frequentluy when you are learning) you can go back without having to do a whole lot of processing again. 

A general point here about syntax - SPSS can do some very clever things, but it can only work because you have taken much care in preparation of the dataset coding. This is completely different to the way Excel works. You may think it’s a lot of fuss (it is!) but you also need to see that this investment in data preparation pays off when it comes to doing multiple downstream analyses easily and professionally. 

To remove all crossmarks and return to the edited dataset just go to Data>Select cases > All

You now should have 195 cleaned records: save with this name: 195_records_synthetic_data_cleaned.sav
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AI-generated content may be incorrect.]

With cleaned records, now experiment with some analysis

For a simple boxplot of a single variable, the syntax is:
GRAPH
/BOXPLOT=YourVariableName.

Try it out with variable names 

age:

EXAMINE VARIABLES=age
/PLOT=BOXPLOT
/STATISTICS=NONE
/NOTOTAL
/ID=id
/MISSING=LISTWISE.
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AI-generated content may be incorrect.]
Note the outliers (out-of-range) values. The boxplot is always the best way to detect these. 
Do the same for variables patient_satisfaction:
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and waiting_time:

[image: A blue and black line graph
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Now consider showing relationships between two variables. Note there are many ways to do this, we just intend to make a start for now. Let’s see what the relationship between waiting_time and patient_satisfaction is….
Just use the syntax as follows:
GRAPH
  /SCATTERPLOT(BIVAR)=waiting_time WITH patient_satisfaction.
Which gives:
[image: A graph with blue dots

AI-generated content may be incorrect.]
This graph now lets you see a direct visual correlation between low waiting times and patient satisfaction. It’s just a simple example but shows that you can compare any two variables at will and look for correlations. 
Conclusion (for now)
We could go on, but the overall point is “have a go” at SPSS – it is deeply frustrating at times, especially when it generates complex errors which you can’t understand, however it also runs smoothly sometimes giving a lot of useful information out of your data. Keep going, perhaps make a dataset that is of more interest to yourself and focus on one SPSS function at a time. Gradually it will become second nature. As described in the sync session, mastery of syntax is the real way forward for efficient use of this.





Appendix 1: Synthetic Datasets
A synthetic dataset is artificially generated data that mimics the statistical properties of real-world data while removing identifiable patient information. In the NHS context, synthetic data allows researchers to analyse and test models without compromising patient privacy.
Why Use Synthetic Data in NHS Research?
✅ Protects patient confidentiality – No real patient records are exposed.
✅ Enables data sharing – Researchers can work with similar datasets without needing strict approvals.
✅ Supports AI and machine learning – Can be used to train models without legal/ethical concerns.
✅ Replicates real NHS data – Keeps the same statistical properties for valid analysis.

How to Find NHS Synthetic Datasets
1. Open Data Portals
• NHS Digital Open Data (digital.nhs.uk) – Some anonymised datasets available.
• UK Data Service (ukdataservice.ac.uk) – May include NHS-related synthetic datasets.
• ONS (Office for National Statistics) Open Data (ons.gov.uk) – Public health datasets.

2. Synthetic Health Data Providers
• Health Data Research UK (HDR UK) (hdruk.ac.uk) – Sometimes provides synthetic datasets for research.
• The Synthea Project (synthea.mitre.org) – Generates realistic synthetic patient records.
• Faker Libraries for Python/R – Generate random but structured data (useful for testing).
Cautions: Always test that synthetic data reflects real NHS distributions for valid analysis. Having a synthetic dataset may be valuable for analysing specific conditions.  While synthetic NHS data is valuable for research and AI development, it has limitations that require careful handling. It mimics real-world patterns but may lack accuracy, leading to biases or generalisability issues, especially for rare conditions or complex healthcare interactions. If improperly generated, it can easily “overfit” to real NHS data, posing privacy risks despite being synthetic. Ethical and regulatory concerns thus remain, as NHS and UK GDPR policies may still apply, restricting data use and sharing. Additionally, models trained on synthetic data alone will likely fail in real clinical settings, making it highly unsuitable for any decision-making task. To mitigate these risks, synthetic NHS data should be validated against real datasets, clearly labelled as synthetic research-only data, and completely distinguished alongside real-world NHS data where possible. 
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