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Time Use and Activity Recognition

Farming Social activities Fetching water

CookingHunting Working for wage
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Time use in Malawi



Motivation
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• Time use data
• Important for understanding economic decision-making among men and women

• Highlighting inequities within and across households 

• Effective policy targeting and evaluation
• Accurate understanding of differences in time use by gender and sub-populations

• Examples: Childcare subsidies, transport and infrastructure projects

• Most surveys in low-income countries 
• Rely on recall- and interview-based diaries to measure time use

• Relying on recall 
• May affect time use data accuracy 

• Particularly in sub-populations with lower literacy and numeracy
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Survey experiment in Malawi – Design
(Kilic et al., 2024)

• 720 HHs, 1,440 adults, evenly split 

by 72 regions and urban/rural

• HHs with at least one man and one 

woman (aged 15-64) 

• Randomly assigned households to 

each of the two treatment arms:

T1: 24-hour recall time use diary 

T2: Smartphone pic time use app

• All respondents also received

• a 7-day recall module 

• a physical activity tracker



24-hour recall time use diary
Adapted from IFPRI WEAI Time Use Module 
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Activity list
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Smartphone time use diary: TimeTracker App
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• Android pictorial app 
Devs: university of Hohenheim and the Institute for Applied Science at the University of Media, Stuttgart (Daum

et al., 2018) and enhanced for this study with LSMS support

• Real-time recording of time use

• Allowing for simultaneous activities
• 84 percent at least two activities conducted simultaneously

• Only app installed on smartphone

• One-to-one match activities recall treatment arm

• Separate sets of images for men and women



Smartphone time use diary: TimeTracker App

10

Main screen Calendar view Pop-ups



Both recall and app treatment arms
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ActiGraph wGT3X-BT, 60Hz 7-day recall stylized questions
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Machine Learning

Trained machine learning models (T1 & T2) to predict time use 

activities from the accelerometer data 
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Predicting Combination of activities (Top-20)
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24h Recall arm time use data Smartphone arm time use data

Activity without Chatting (Recall) f1-score support

cooking or cleaning + care of children 0,73 8006

walking + care of children 0,71 5184

resting + using devices 0,90 2869

cooking or cleaning + using devices 0,87 2716

service occupation +  using devices 0,96 2091

eating and drinking + care of children 0,63 1876

selling goods in market + using devices 0,97 1770

eating and drinking + using devices 0,78 1716

resting + care of children 0,81 1473

clearing land manually + care of children 0,83 992

shopping + care of children 0,58 942

selling goods in market + walking 0,97 906

collecting stuff + care of children 0,69 869

cooking or cleaning + selling goods 0,95 780

religious activities + care of children 0,81 727

walking + using devices 0,84 716

weeding + care of children 0,80 666

manual labor or ganyu + using devices 0,93 660

manual labor or ganyu + motorbike 1,00 582

service occupation + care of children 0,83 522

macro avg 0,83 36063

weighted avg 0,80 36063

Activity without Chatting (App) f1-score support

resting + using devices 0,79 14065

care of children + cooking, cleaning 0,81 13834

cooking, cleaning + using devices 0,79 5767

studying + using devices 0,73 4753

cooking, cleaning + walking no load 0,82 3359

cooking, cleaning + selling goods 0,90 3354

care of children + walking no load 0,75 3297

using devices + walking no load 0,78 3285

resting + studying 0,82 3150

care of children + resting 0,70 3008

selling goods + using devices 0,91 2950

cooking, cleaning + resting 0,82 2468

manual labor, ganyu + using devices 0,89 2410

collecting water + cooking, cleaning 0,80 2293

selling goods + walking no load 0,89 2147

walking heavy load + walking no load 0,84 2121

cooking, cleaning + studying 0,79 2120

care of children + studying 0,65 1832

cooking, cleaning + personal care 0,83 1661

resting + walking no load 0,81 1386

macro avg 0,81 79260

weighted avg 0,80 79260

Prediction 24h Recall

(F1-score)

Smartphone 

(F1-score)

With chatting 81% 81%

No chatting 83% 77%

Notes 24 hour Recall diary arm
• Chatting is most often (over)reported as 

secondary activity in Recall arm.

• Second most frequent is using devices for 

men and taking care of children for women.

Notes Smartphone diary arm
• Less chatting as secondary activity, much 

more diverse set of secondary activities.

• Some odd combination of activities.
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• New, experimental findings on the relative performance of real-time data collection against recall 

approaches (24-hour and 7-day recall)

• Participation in smartphone arm greater across several categories of employment, unpaid work →

time, on the other hand, higher in 24-hour diary (minimum 15-minute structure)

• Gender gaps in unpaid work remain large in smartphone sample, but narrower somewhat in 

household resource collection and care

• Smartphone arm captures more time in evening hours, and multitasking, esp. for women

• 7-day recall overreports relative to both 24-hour recall and smartphone – implications for 

interpreting standard stylized instrument commonly used in labor force modules

• Paper from Kilic et al. 2024 → Recording the Time Divide: A Comparative Study of Smartphone- and 

Recall-Based Approaches to Time Use Measurement

Machine Learning →

Both 24 hour-recall time use diary and smartphone time use diary app can be 

used to train time use prediction models.

Key takeaways



Questions?
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Joris Mulder joris.mulder@centerdata.nl

Talip Kilic tkilic@worldbank.org

Pradeep Kumar pradeep.kumar@centerdata.nl

Seyit Höcük seyit.hocuk@centerdata.nl



Machine Learning
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Model building pipeline

Preprocessing

•Coupling accelerometer 
data with time-use data 

•Enhancing with available 
background information

Data Cleaning

•Removal of non-wear time

•Excluding 2nd activities

•Time limit (4 am-10 pm)

•Discard correlated vars

Feature Engineering

•39 features, i.e., 
4 base features (X, Y, Z, Step), 
31 derived features, 
4 background (age, gender)

Model Building

•Activity selection

•Data balancing

•Normalizing

•Classification algorithms

Model Evaluation

•75%/25% train/test split

•Accuracy, F1-score, AUC

•Division: Young vs Old,       
Male vs Female



Extra slides for discussion 
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• From Kilic et al. (2024) presentation, World Bank
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Field experience

• About 160,000 recorded activities across 

smartphone respondents, between deployment 

(Day 2) and pick up (Day 11)

• Only 2% or less entries in each activity category 

and day had reported time 3 SDs above the daily 

mean → no variation in this measure over the 

reporting period

• No major drop in reporting over the week; 

respondents also made fewer errors (fewer 

discontinuities, entries that needed editing)

• Considerable share of smartphone

• respondents forgetting or not registering sleep as 

an activity

• About 7% entries overall needed editing by interviewers, 

mostly to correct sleep entries
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Treatment effects, and 
implications for understanding 
gender inequalities in time use



21

Empirical approach

• OLS regressions, pooling Day 5, 8 and 10 samples (individual-day sample)

• (1) Smartphone vs. Recall (outcomes 𝑦𝑖𝑗𝑘 include daily participation, daily minutes in 

different activity categories; 𝑋𝑖𝑗𝑘 individual and HH characteristics; fixed effects for 

enumeration area 𝐴𝑘 and day of reporting 𝐷𝑖𝑗𝑘):

• (2) Smartphone vs. 7-day, Recall vs. 7-day: similar specification, comparing average daily 

minutes across overlapping activity categories

𝑦𝑖𝑗𝑘 = 𝛼 + 𝛽𝑅𝑒𝑐𝑎𝑙𝑙 + 𝛾𝑋𝑖𝑗 + 𝛿1𝐴𝑘 + 𝛿2𝐷𝑖𝑗𝑘 + 𝜀𝑖𝑗𝑘
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Smartphone vs. recall: Activity categories 

Detailed set of 56 activity categories covered across both treatment arms, aggregated for treatment effects 

analysis 
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Smartphone vs. recall: Daily participation 
Smartphone arm: greater participation in employment, unpaid resource collection. and care work, schooling, comm. 

activities

Recall: leisure, personal care
Men’s unpaid work also underestimated in recall, along with care work (men and women) 
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Smartphone vs. Recall: Daily minutes

24-hour diary: minimum 15-minute interval structure, leading to higher reporting 

times

Smartphone respondents: 1/3 of activities reported last < 15 mins, esp. in non-farm employment, unpaid 

domestic and care work, and self-care

(except mainly in 

transport)
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Implications for understanding gender gaps

• Recall bias differs by women/men and activity 

• Gender gaps in unpaid work in the smartphone sample, while remaining large, are 

narrowed somewhat when compared to the recall arm

• Smartphone arm reveals nuances on time allocation (less missing intraday reporting 

in time allocation; more data on multitasked activities) that are policy-relevant

• Findings are generally consistent over different reporting days, and treatment effects 

are robust to controlling for a range of individual, household and community 

characteristics. 



26

Marked differences in intraday reporting across arms

Respondent fatigue in recall arm 

is a possibility (earlier sleep times 

reported, particularly for women)

Potential policy implications: 

role of household energy 

infrastructure on time use

Smartphone arm: electricity 

access significantly associated 

with women’s time allocation in 

nonfarm employment, and 

leisure in the evening/nighttime

Recall arm: no effect
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Recording the Time Divide: A Comparative Study of Smartphone and Recall-Based Approaches to Time Use Measurement

Addressing multitasked activities
Average share of respondents conducting distinct employed, unpaid and transport activities together within a day (pairwise) 

Women, smartphone Women, recall

Men, smartphone Men, recall

→ Greater incidence 

and range of 

multitasked 

activities in 

smartphone sample, 

particularly for 

women: 74% of 

women in 

smartphone arm 

conducted non-

leisure activities 

together, compared 

to 37% in recall
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Comparison with 7-day recall, and implications

→ 7 day recall overreports both 24-hour recall, and smartphone arm: implications for using even recall 

periods considered to be short
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Key takeaways

• New, experimental findings on the relative performance of real-time data collection 

against recall approaches (24-hour and 7-day recall)

• Participation in smartphone arm greater across several categories of employment, unpaid 

work → time, on the other hand, higher in 24-hour diary (minimum 15-minute structure)

• Gender gaps in unpaid work remain large in smartphone sample, but narrower somewhat 

in household resource collection and care

• Smartphone arm captures more time in evening hours, and multitasking, esp. for women

• 7-day recall overreports relative to both 24-hour recall and smartphone – implications for 

interpreting standard stylized instrument commonly used in labor force modules
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Looking forward

On pipeline research:

• Using ML and physical activity tracking data to predict time use - with Centerdata at 

Tilburg University, building on an upcoming publication based on an earlier (2017) survey 

also from Malawi 

• Time use agency and flexibility over time use - with IFPRI and MAGNET
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Looking forward
On scaling up smartphone-based time use data collection:

• Existing app and training materials can be deployed in different contexts (app to be made 

publicly available by June 2024)

• The app illustrations and translations can be updated with ease

• Costs associated with smartphone procurement are marginal: 60 low-cost smartphones 

were cycled throughout the sample over 9 months 

Still, we need to:

• Provide guidance on whether duration of smartphone data collection can be reduced + on 

whether we can limit smartphone data collection only to a sub-sample and rely on within-

survey imputation of time use measures to better manage costs

• Implement the study in different contexts - but with expanded recall alternatives – to 

assess cross-country validity of our findings
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Stay connected with LSMS

Worldbank.org/lsms

GET UPDATES

lsms@worldbank.org

World Bank's Living Standards 

Measurement Study

mailto:lsms@worldbank.org

	Folie 1: A Timely Matter
	Folie 2
	Folie 3: Time Use and Activity Recognition
	Folie 4: Time use in Malawi
	Folie 5: Motivation
	Folie 6: Survey experiment in Malawi – Design (Kilic et al., 2024)
	Folie 7: 24-hour recall time use diary Adapted from IFPRI WEAI Time Use Module  
	Folie 8: Activity list
	Folie 9: Smartphone time use diary: TimeTracker App
	Folie 10: Smartphone time use diary: TimeTracker App
	Folie 11: Both recall and app treatment arms
	Folie 12: Machine Learning
	Folie 13
	Folie 14: Predicting Combination of activities (Top-20)
	Folie 15: Key takeaways
	Folie 16
	Folie 17: Machine Learning
	Folie 18: Extra slides for discussion 
	Folie 19: Field experience
	Folie 20
	Folie 21: Empirical approach
	Folie 22
	Folie 23
	Folie 24
	Folie 25: Implications for understanding gender gaps
	Folie 26
	Folie 27
	Folie 28
	Folie 29: Key takeaways
	Folie 30: Looking forward
	Folie 31: Looking forward
	Folie 32: Stay connected with LSMS

