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THE IMPORTANCE OF CLIMATE CHANGE VARIABLES AND THE EFFECT OF TEMPERATURE VARIATIONS ON POVERTY IN
TANZANIA: A SPATIAL ANALYSIS

Abstract

Tanzania is highly vulnerable to climate change and this vulnerability is increasing due to its
low level of preparedness to cope with the effects of climate change and the projected
increase in global warming. Country-level literature applying small area analysis of climate
change and poverty is scant. Applying exploratory descriptive analysis and machine learning
models to National Panel Surveys (NPS) comprising 10,832 households in 3,285 wards and
related climate change data, this paper identifies the climate change variables which are
most important in affecting poverty at the national and regional levels. It also examines the
effect of temperature variability on poverty across different geographical locations. The
results show that temperature variation scores the highest in terms of its effect on poverty,
followed by humidity, soil moisture, and lastly precipitation. Furthermore, localised analysis
reveals diverse variation in the importance of climate change variables across wards.
Regression results show that the relationship between temperature variation is significant in
69.1% of the wards, of which 60.5% of wards (including non-poor, intermediate-poor, and
extremely poor) are pushed into greater poverty as temperature variation increases. The
temperature variation importance score is high in the 30 poorest wards across 30 regions
and the majority of them suffer an increase in poverty as temperature variation increases.
Poor wards scoring high in relation to temperature variation importance and experiencing
negative effects may need to be prioritised for adaptation measures.
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1 Background

Tanzania is ranked the 47th country in the world in terms of its vulnerability to climate
change. It is also poorly prepared to deal with climate change, being 150th out of 191
countries on readiness to cope with it (World Bank, 2024), despite its low contribution to
global warming. It experiences strong variations in, and rising, temperatures, unpredictable
rainfall patterns, and extreme weather events (Ahmed et al., 2011). From the 1980s up to
2014, Tanzania experienced an increase in mean air temperature from below to above 23°C
(World Bank, 2024). Some areas of Tanzania have experienced floods almost every one to
two years since 2009, while others have experienced severe drought (Mikova and Makupa,
2014). These trends disproportionately affect households engaged in climate change-
sensitive sectors or/and living in climate change-sensitive areas, by reducing
productivity/yield, income, food security, and wealth, and displacing households (Rowhani et
al., 2011a). As climate change and related impacts are projected to increase, it is crucial to
address them, to achieve the following: to prevent driving an additional 2.6 million
Tanzanians into poverty by 2050 (World Bank, 2024); to contribute to the achievement of
Sustainable Development Goals (SDGs) 1 and 2; to contribute to the achievement of the
Tanzania Development Vision 2050 target of having more than 95% of population living
above the poverty line (United Republic of Tanzania — URT, 2024); and to deliver the
Zanzibar Development Vision 2050 target of achieving 91.5% of the population above the
national basic needs poverty rate (Revolutionary Government of Zanzibar, 2020). Without
addressing climate change, Tanzania’s economic growth (it achieved a gross domestic
product (GDP) growth rate between 7% and 4.8% during the 2011-2022 period (URT, 2016))
may remain non-inclusive: 49% of the population lived below the daily individual international
poverty line of USS 1.90 in 2018; the Gini coefficient increased from 35.8% to 39.5% during
2012-2018; and three out of four people who had previously moved out of poverty fell back
into it (World Bank, 2020b).

Climate change effects seem to be sector- and location-specific, and so do the effects of
climate change on poverty. Indeed, research points to the presence of different magnitudes
of poverty and inequalities in different locations within countries, continents, and the world
as a whole (Fisker et al., 2023; Brzezinska and Jasper, 2023). Different climate change
variables (i.e. temperature, precipitation, soil moisture, and humidity variations) affect
poverty through different channels (e.g. destruction of households’ wealth/assets and
reduced crop yield/productivity). Therefore, proper mitigation measures must be based on
knowledge about the effects of climate change variables on poverty, and the importance of
climate change in affecting poverty by geographical location.

Climate change refers to variations in key variables (e.g. temperature-, wind-, precipitation-,
moisture-, humidity-mean, and variations) over time (Paavola, 2008; Alcamo et al., 2007).
Poverty refers to the condition in which individuals or households are unable to meet their
basic needs like food, shelter and related services (utilities), and health so as to satisfy a
socially acceptable minimum standard of living given their limited resources and money
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(Ramphoma, 2014). Studies examining the relationship between climate change and poverty
are clustered into two strands of literature: first, those indirectly relating climate change to
poverty through its effect on households’ activities; and second, those directly relating
climate change to poverty indicators (e.g. expenditure, wealth, or income).

Studies in the first strand of literature focus on how climate change affects crop yields, the
possession of livestock, and fishing, hence impacting income, food security, and wealth, as
indications of effects on households’ poverty. Based on a small survey of fishers in four
coastal villages of Tanzania, Kapapa et al. (2022) revealed that rising sea surface
temperatures reduce catches. Mkonda and He (2018) utilised correlation analysis and
revealed that a decrease in rainfall in semi-arid areas and excessive increases in
temperatures reduced maize, rice, and sorghum yields among farmers in Kongwa District in
Tanzania. Rowhani et al. (2011b) applied regression models to national panel data and
revealed that an increase in precipitation and temperature variations reduces maize,
sorghum, and rice yields. Ahmed and Khurshid (2011) revealed that rising temperatures and
declining rainfall reduce grain (rice, maize, and sorghum) yields in Tanzania. As these
studies link poverty with climate change indirectly and focus on a specific activity or crop(s),
they ignore other households’ income-generating activities that contribute to their ability to
meet their basic needs. Indeed, households have other sources of income: farming accounts
for 47% and 54% of small and other family farmers’ total income, respectively (Canton,
2021). Thus, knowledge generated from studies directly linking poverty indicators to climate
change is also crucial.

Studies in the second strand of literature (e.g. Haile, 2018) reveal mixed results: drought and
excess temperature have more effect on the expenditure of sub-humid agro-ecology
households than on that of households in humid agro-ecology in Uganda; there is a stronger
positive association between household expenditure and heatwaves in semi-arid areas,
relative to humid areas, in Ghana; and there is a lack of differential effects in different
ecological areas in Tanzania. However, the World Bank (2020b) reveals that poverty is high
in Longido, a drought-stricken district in Tanzania, signifying the importance of small area
analysis. Reported mixed results imply the presence of different magnitudes and directions
of climate change effects given diverse weather conditions, the nature of economic
activities and social services, as well as poverty incidence, in different geographical
locations (Herrera et al., 2018, Aikaeli et al., 2021). For instance, a rise in temperatures is
expected to reduce maize yields by different magnitudes across regions/wards due to
different production locations, and to increase coffee production in the southern highlands
(Kari, 2021,Mbwambo et al., 2022). Through applying machine learning algorithms to
temperature data and household wealth, Brzezinska and Jasper (2023) also revealed that
temperature variability results in a higher reduction in household wealth for low- and middle-
income countries (LMICs) than for countries in Europe and Central Asia.

Although there has been an increase in the number of studies in both strands of literature,
knowledge gaps still exist in regard to the climate change variables which are most
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important in affecting poverty, and the effect of temperature variability on poverty in
different geographical locations. This paper complements the second strand of literature
but uses arguments present in the first strand to provide evidence for the relationship
between climate variables and poverty. It applies exploratory descriptive analysis (EDA) and
machine learning models to NPS comprising 10,832 households in 3,285 wards, and related
climate change data, to identify the climate change variables which are most important in
affecting poverty at the national and regional levels in Tanzania, and to examine the effect of
temperature variability on poverty across different geographical locations.

The paper makes two main contributions. First, it shows that among the four climate change
variables, temperature variation is ranked first in terms of its influence on poverty
countrywide, but its importance and that of the other three climate change variables varies
across wards and regions, being important in some areas and less important in others.
Second, the paper shows the need for applying small area (ward-level) analysis to produce
location-specific findings, including to identify the importance of climate change variables in
affecting poverty by wards. It shows that the effect of temperature variation on poverty is
significantly negative in some wards, positive in others, and insignificant in others; and it
shows that temperate variability is important for the majority of the poorest wards across
the 30 regions, with negative effects on poverty. These results are important in helping to
prioritise wards when planning for and executing adaptation programmes (e.g. by starting
with wards that are highly affected by climate change variables). The results also highlight
the need to design a programme that considers the different types of adaptation measures
so as to address climate change variables that are important in influencing poverty in
specific wards.

The rest of the paper is organised as follows. First, it presents the theoretical foundation and
previous empirical evidence regarding the relationship between climate change and poverty.
It then presents the research methodology. Thereafter, it presents and discusses the
findings. It then concludes and sets out the implications of the findings.

© Data & Evidence to End Extreme Poverty 3
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2 Theory and empirical evidence

2.1 Climate change and poverty

One of the main theoretical mechanisms through which the extant literature relates climate
change (temperature and precipitation variability) to poverty is its effect on low-income
earners’ assets/wealth and economic activities. The majority of poor people in less
developed countries like Tanzania live in rural areas (World Bank, 2020b) and depend on
agricultural activities for income generation and thus for consumption and assets
accumulation. Agriculture in Tanzania and in the majority of less developed countries
depend on rainfall as irrigation is applied in small areas (Herrera et al., 2018). Climate
change (variability of temperature and precipitation) increases uncertainty in regard to farm
income, which in turn affects the accumulation of wealth (Herrera et al., 2018; Brzezinska
and Jasper, 2023). Climate change also affects farm productivity as prolonged high
temperatures or heat result in drought while wet spells can degrade soil nutrients and
constrain productivity, which in turn reduces crop harvests and thus increases the likelihood
of low-income earners in rural areas not only becoming poorer as their income and
consumption/expenditure decreases but also facing food insecurity (Haile, 2018; World
Bank, 2020, 2024). Decreased productivity also results in increased production costs, hence
making small farmers’ crops less competitive than imported processed food products and
those produced by medium and large-scale farmers.

The second mechanism through which climate change is related to poverty is when the
former destroys households’ assets. Households’ assets include stocks of food, livestock,
and transport, communication, entertainment, and other assets. Other assets include assets
used by households in agricultural and non-agricultural activities to generate income. These
assets can also ‘smooth’ households’ consumption when there is a severe climate change
event. This was observed in Uganda, where households with more assets (livestock and
land) were less affected by climate change than their counterparts as they were able to sell
some of their assets to smooth their consumption (Haile, 2018). Destruction of households’
and community/public assets and infrastructure may drive households into poverty. This
was observed by Herrera et al. (2018) in Nicaragua, where distressing climate events
destroyed households’ assets, crops, social service facilities, technologies, and
infrastructure, which together drove people into poverty.

In Tanzania, climate change is likely to affect poverty through the mechanisms described
above, as the majority (73%) of households were engaged in agriculture (farming, fisheries,
and livestock keeping) in 2014, although a shift by the population to non-agricultural
activities has been noted (Wineman et al., 2020). Agriculture is dominated by small family
farmers, accounting for 83% of farms, which largely depend on nature (rainfall and
temperature) for undertaking agricultural activities; only 1.9% of their farmland is irrigated
(Canton, 2021). Agriculture accounts for around 30% of Tanzanian GDP (World Bank, 2024).

© Data & Evidence to End Extreme Poverty 4
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Severe climate change events — high temperature and prolonged drought, as well as heavy
rainfall — have been observed in different parts of the country. Almost every one to two years
since 2009, Dar es Salaam, Pwani, Arusha, Morogoro, and Mbeya have faced floods, which
have destroyed public infrastructure and households’ assets, and displaced people, the
majority being low-income earners (Mikova and Makupa, 2014; World Bank, 2024). The
northern, central, and coastal regions frequently experience severe drought, causing the
death of livestock due to lack of water and pasture (World Bank, 2024), which is likely to
push people in these areas into poverty.

The effects of climate change are therefore experienced by the majority of people across
the country, including those directly engaged in agricultural value chains and those living in
climate change-vulnerable areas. A study by Kapapa et al. (2022) utilised data from a small
survey of fishers in four villages on the coast of Tanzania and revealed that rising sea
surface temperatures reduce fish catches. Mkonda and He (2018) revealed that a decrease
in rainfall in semi-arid area and excessive increase in temperature reduced maize, rice, and
sorghum yields among farmers in Kongwa District in Tanzania. Rowhani et al. (2011) applied
regression models to national panel data and revealed that an increase in precipitation
variations and temperature variations reduced grain (maize, sorghum, rice) yields. Ahmed
and Khurshid (2011) revealed that rising temperatures and declining rainfall reduce grain
yields in Tanzania, though the magnitude of effects varied by crop.

Extant literature on Tanzania focused on small geographical locations in the country and
ignored other households’ income sources. Notably, farming accounts for only 47% and 54%
of small and other family farmers’ income, respectively (Canton, 2021), and the shift from
farming to non-farming activities has been observed (Wineman et al., 2020). To fill the
knowledge gap, this paper considers all income sources to capture poverty and covers the
whole country. It assumes that while controlling for other CC variables (precipitation,
humidity and soil moisture) temperature variation has diverse effect on poverty of
households in different geographical locations.

2.2 Importance of climate change variables

Studies on the importance of climate change by geographical location are scant. However,
there is literature showing that the level of the effect of climate change on households’
poverty varies across different geographical locations. Brzezinska and Jasper (2023) reveal
that temperature variability reduces household wealth, and that the size of the reduction is
greater in LMICs than in Europe and Central Asia. Haile (2018) reveals that, compared to
Ugandan households in humid agro-ecology contexts, both drought and excess temperature
were negatively correlated with expenditure for those in sub-humid agro-ecology contexts; in
Ghana, the effect of heat waves on household expenditure is positive and stronger in semi-
arid than in humid areas; while in Tanzania, both dry and wet spells reduce household
expenditure.

© Data & Evidence to End Extreme Poverty 5



THE IMPORTANCE OF CLIMATE CHANGE VARIABLES AND THE EFFECT OF TEMPERATURE VARIATIONS ON POVERTY IN
TANZANIA: A SPATIAL ANALYSIS

Given its geographical location and landscape, Tanzania has a tropical climate and is
divided into four main climatic zones: the hot humid coastal plain; the semi-arid central
plateau; the high rainfall lake regions; and the temperate highlands. The highlands have cool
temperatures, ranging from 10°C to 20°C. The country has two major rainfall regimes: the
uni-modal (October — April), covering the southern, central, and western parts of the country;
and the bi-modal (October — December and March—May), experienced in the north from
Lake Victoria extending east to the coast. Because of these variations in weather across
locations, agricultural activities, in terms of crops, differ and the ways in which crops are
affected by climate change are also diverse. Wards/regions that depend on crops with a
short life span, like maize, rice, wheat, and sorghum, are more likely to be affected by climate
change than those depending on crops with a long growing season (Kari, 2021). Kari (2021)
further reports that an increase in temperature, a decrease in rainfall, and changes in rainfall
patterns is expected to reduce mean maize yield by 33% nationwide, by 84% in the central
regions, 22% in the northeastern highlands, 17% in the Lake Victoria region, and 10-15% in
the southern highlands. On the other hand, a rise in temperature by 2—-4°C is likely to boost
coffee production by 18% in bi-modal rainfall areas and by 16% in uni-modal rainfall areas.
Mbwambo et al. (2022) also report that an increase in temperature will lead to an increase in
coffee production in the southern highlands but a reduction in Kilimanjaro and Arusha.

Therefore, variations in climate change variables seem to have diverse effects on
households’ incomes, and thus expenditures, in different locations. Regions and wards in
Tanzania are also unequally developed and are endowed with diverse levels of non-
agricultural economic opportunities and activities, some of which are less vulnerable to
climate change. Consequently, the levels of importance of climate change variables in
relation to their effect on poverty in different locations is likely to differ. This paper therefore
assumes that climate change variables have different levels of importance in affecting
poverty across different national and geographical locations.

© Data & Evidence to End Extreme Poverty 6
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3 Methodology

3.1 Data

The paper utilises the Tanzania NPS waves 1 (2008-2009), 2 (2010-2011), 3 (2012-2013),
and 4 (2014-2015). Wave 5 (2020-2021) was excluded because the tool used to collect
data was different from that used in the first four waves and contained respondents who
were completely new. The four waves provided data for estimating the household poverty
indicator. We obtained the data from the website of the Tanzania National Bureau of
Statistics (NBS) and we obtained the coordinates and key identification numbers of
households from the NBS. The data obtained were cleaned to remove repetitions of
observations and observations with missing values for target variables. The total number of
observations used in the analysis included 10,832 households in 3,285 wards, from 30
regions of Tanzania.

Furthermore, in line with Brzezinska and Jasper (2023), the paper utilises remote sensing
climate change data for surface air (2 metres above sea level) temperature, precipitation,
humidity, and soil moisture for each of the coordinates in Tanzania from the Reanalysis Fifth
Generation (ERAS5) global climate dataset for 1979 to 2015. The data were extracted from
the website of the European Centre for Medium Range Weather Forecast (ECMWF).

The geospatial vector data (Tanzania-shapefiles) collected from NBS was used to map all
3,285 wards. Each ward’s geometry coordinates facilitated the merging of the climate
change dataset and NPS data, as these also comprise coordinates for each of the
households. A ward was classified poor if its predicted poverty was less than 0.6.
Temperature variation scored the highest in regard to importance in affecting poverty. Thus,
further analysis focused on 2,270 wards as they had a significant relationship with
temperature variability.

Although household poverty data from the four waves are still useful, the utilisation of recent
poverty data would have provided useful insights as studies on climate change show that
that during 2016 to 2019, there were high levels of variation in climate change variables.
Rainfall patterns and trends varied significantly across the country, with some places
experiencing increased rainfall while other recorded low rainfall during rainy seasons (URT,
2021). Rainfall variation was expected to increase over time (Future Climate for Africa,
2017). The warmest and coldest temperatures were recorded in some parts of the country
since 1958 to recent years (e.g. Moshi and Mbeya, respectively), and there has been an
increase in temperature anomalies over time across different areas (URT, 2021).

3.2 Measurement of variables

Poverty was captured by two variables: i) per capita consumption, measured as the total
monthly monetary (Tanzania shillings (TZS)) value of expenditure for an adult equivalent (i.e.
monthly real monetary expenditure for the household divided by the adult equivalent); ii)

© Data & Evidence to End Extreme Poverty 7
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dummy poverty, measured as dummy one if the daily per capita expenditure is at least the
international poverty line of USS 1.9 (average of TZS 94,000 per month for all aggregated
waves), and zero if below that; and iii) poverty clustered into three categories — not poor if
the daily per capita expenditure is at least the international poverty line of USS 1.9,
intermediate-poor if it is below USS 1.9 (TZS 94,000 per month) and above the per capita
national poverty line of TZS 49,500 per month, and extreme poor if it is below TZS 49,500
per month. The monthly international per capita poverty line was established by multiplying
USS 1.9 by 30 (i.e. USS 57), which was changed to TZS using the Bank of Tanzania data on
the average monthly exchange rate for each of the panel years. USS 1 was equivalent to TZS
1,313.29 in 2008/09, to TZS 1,566.66 in 2010/11, to TZS 1,578.57 in 2012/2013, and to TZS
2,148.52 in 2014/2015. The international monthly per capita poverty lines were TZS 75,000,
TZS 89,000, TZS 90,000 and TZS 122,000 for the respective years/periods. The average
international poverty line for the four waves was TZS 94,000. The three-category
categorisation facilitates better target policy interventions and is in line with the perspective
of the World Bank (2020a).

We measured the variability of each of the climate change variables as follows. First, we
estimated the monthly range (e.g. maximum temperature minus minimum temperature for
each month (January to December) for each year covered by the NPS (2008-2009, 2010-
2011,2012-2013, and 2014-2015). Second, we estimated the yearly mean of the monthly
range (i.e. sum the monthly range for each of the NPS years, then divide it by 12). Third, we
establish the yearly average for the whole NPS period, i.e. sum the yearly mean for each year
of the NPS waves and divide by the number of years in NPS waves. Fourth, following the
same approach, we estimated the monthly range of climate change variables and
established the yearly mean for the years from 1979 to 2015 (the year NPS wave 4 ended).
These estimates were used as the control variables of the climate change variables for each
of the waves. Fifth, to estimate temperature variations in 2008-2009, 2010-2011, 2012-
2013, and 2014-2015, we took the year mean of the monthly range for 2008-2009, 2010-
2011, 2012-2013, and 2014-2015 minus the yearly mean of the monthly range for the
periods 1979-2009, 1979-2011, 1979-2013, and 1979-2015, respectively. We did this for
all the remaining three climate change variables. This approach is slightly similar to that of
Brzezinska and Jasper (2023). It is based on the idea that there are expected seasonal
variations which are normal (indicated by estimates for 1979 to NPS year). The target (NPS)
year variations beyond the normal ones will mean there are changes in absolute terms (i.e.
climate change).

3.2.1 Spatial aggregation of household data and statistics at ward, regional, and
national levels

The NPS dataset and climate change datasets were merged to create a household-level
dataset. The dataset was utilised at all levels of the analysis to generate results, which were

then transformed to obtain ward-level, regional, and national results. The analysis
progressed through three distinct stages — moving from raw household data to a spatially
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explicit ward-level dataset and related statistics, and finally to national or/and regional
modelling. To create a ward-level dataset suitable for spatial analysis, household-level data
variables — poverty indicators and predictions, and climate change variables — were
aggregated to their respective ward centroids by using the inverse distance weighting (IDW)
instead of simple mean statistics. IDW is not only preferred in geospatial analysis but also
eliminates outliers (Li and Heap, 2011). It generates an unknown point and estimates its
value by averaging the values of known points, with closer points having a greater influence.
It assumes that households in locations near to the reference (unknown) location/point are
likely to have characteristics similar to the reference point, and thus assign them more
weight than those far from the reference point. The value of the reference point/location
was estimated as follows. First, we estimated the distance (d;) between the unknown
(reference) point (x,) and each of the known points (x;). We calculated the weight (w;) for

each of the known points as w; = 1/d; ? whereby g is the power parameter, typically 1 or 2.
We used 2 because the number of observations is high; we standardised weight for each
ward (i.e. w;-standardised = w; />, w;, [i = 1, 2, 3, ...n]; i stands for the data for household 1
in a ward and nth is data for household n) so that the sum of all the weight is equal to one
(1). We then estimated the weighted value (wv;) for each known point (x;) by multiplying the
w;-standardised with the known value (v;) at point (x;), i.e. wv; = v; * w;-standardised; then
we summed the weighted value for all the known data points (i.e. X}~ ; wv; * v;) to get the
data for the unknown point.

3.3 Model selection and evaluation

This paper employs a multi-model approach to identify the climate change variables which
are most important in affecting poverty at the national and regional levels, and to examine
the effect of temperature variability on poverty across different geographical locations. It
utilises machine learning algorithms (the global random forest (Global RF) and geographical
random forest (GRF)) and an EDA method (geographically weighted regression (GWR)),
following the approach of Santos et al. (2019).

3.3.1 Global RF

Global RF was selected due to its robustness in handling non-linear relationships and high-
dimensional data, which can provide insights into feature importance and ensures predictive
accuracy (see Pradhan and Agrawal, 2025). It initially demonstrated strong predictive
performance, with accuracy of 95% and Receiver Operating Characteristic - Area Under
Curve (ROC-AUC) scores of 0.95. However, distribution classes (poor and non-poor wards)
revealed underlying data imbalance issues, indicating potential model biasness towards the
minority class (Figure 1). This discrepancy between high overall accuracy and distribution
classes highlights the danger of relying solely on conventional metrics without assessing
probabilistic calibration, particularly when dealing with imbalanced poverty classification
tasks, where minority class is also critical for policy-relevant insights.
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Figure 1: Distribution of poor wards and non-poor wards
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Global RF model interpretation via partial dependence

To interpret the global behaviour of our trained Global RF model, we examined partial
dependence plots (PDPs) for each of the climate change variables. Figure 2 shows that the
relationship between temperature variation and predicted poverty level is negative. This
shows that an increase in temperature variation drives wards into a poorer state.
Temperature variation appears to be the most influential variable in the model. This finding
aligns with existing domain knowledge (Dell et al., 2012), providing face validity for our
model's learned patterns. Figure 2 further shows that the results might not be generalisable
to all wards as there are signs of decreases in poverty as temperature variation increases.
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Figure 2: PDPs showing the relationship between climate change variables and predicted poverty
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For the other climate change variables, we observed a more complex, non-linear relationship
where the relationship appeared to be U-shaped (see Friedman, 2001), which is one of the
most common and informative non-linear patterns encountered.

3.3.2 GRF

Use of GRF extended the analysis from Global RF by explicitly modelling heterogeneity in
treatment effects, allowing for the identification of context-specific climate impacts across
subgroups or locations (see Georganos et al., 2021). Results from the GRF model reveal that
9,376 (86.56%) households were considered poor (i.e. they were below the daily per capita
international poverty line of USS 1.9) and 1,456 (13.44%) were not poor. To address this
significant data imbalance in the original dataset, the GRF integrated the Synthetic Minority
Over-sampling Technique (SMOTE) and coordinate-weighted distance metrics following
Koldasbayeva et al. (2023). SMOTE generated 5,927 synthetic samples for the training
model in order to balance class distribution, ensuring robust representation of both poverty
and non-poverty cases. The GRF model achieved an accuracy of 93.24%, precision of
73.41%, recall of 83.40%, an F1 score of 78.09%, and a ROC AUC of 97.41%.

Post-processing predictions indicated 5,084 poverty cases (extreme- and intermediate-poor)
and 5,749 non-poor cases, demonstrating the model’s capacity to effectively identify both
classes while accounting for spatial heterogeneity (Figure 3). These results mitigate
imbalance-driven bias and enhance predictive reliability for poverty and climate importance

mapping.
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Figure 3: Results after SMOTE resampling
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Mathematically, SMOTE generates an artificial point, x;**" , according to the equation below.

new __ nearest
XY =2+ (o — x| ) *a;

Where x; is a minority data point, its nearest neighbour of the same class is x***"*¢, and
a; is an independent and identically distributed number uniformly distributed on poor wards,
and non-poor wards.
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Interpretation of the results of the GRF model in regard to the importance of
different climate change variables

Results from the GRF analysis (Figure 4) indicate that temperature variation is the most
critical climate factor predicting poverty, with the highest importance score (0.3194).
Humidity, soil moisture, and precipitation variations were secondary but significant
predictors. This indicates that the volatility of temperature, rather than just average
conditions, is the primary climate-based driver of poverty, likely due to its direct impact on
agricultural stability and health. Consequently, this study then narrowed its focus to
temperature variation as the representative climate factor for subsequent spatial regression
modelling.
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Figure 4: Climate change importance in affecting poverty
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3.3.3 GWR

The GWR complemented the Global RF and GRF methods by incorporating spatial non-
stationarity, revealing how climate—poverty relationships vary geographically (McMillen,
2004). The GWR model explains 52.2% of the spatial variation in the data (Table 1). The
model exhibits an excellent fit to the training data, with a gap of 7 between Akaike
Information Criterion (AIC) and AIC corrected (AICc) (21943-21936). This indicates that the
GWR model is stable and is not overfitting.

Table1: GWR evaluation results

Spatial kernel: Adaptive bisquare
Bandwidth used: 601.000
Residual sum of squares: 4868.658
Effective number of parameters (trace(S)): 193.095
Degree of freedom (n - trace(S)): 10139.905
Sigma estimate: 0.693
Log-likelihood: -10773.975
AIC: 21936.138
AlCc: 21943.609
BIC: 23341.984
R2: 0.529
Adjusted R2: 0.520
Adj. alpha (95%): 0.001
Adj. critical t value (95%): 3.218
Variable Mean STD Min Median Max

X0 -0.005 0.468 -0.788 -0.142 2.638
X1 -0.029 0.372 -2.541 -0.041 1.495
X2 0.133 0.502 -0.775 0.068 4.179
X3 -0.179 0.476 -3.351 -0.048 0.683
X4 -0.221 0.600 -2.731 -0.107 1.902
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Note: The terms X0, X1, X2, X3, X4, and X5 stand for coefficients of intercept, temperature variation, humidity
variation, precipitation variation, and soil moisture variation, respectively.

To achieve robustness and generalisable findings, the integration of the GRF model and
GWR is critical (Nduwayezu et al., 2023). GRF's ensemble structure and inherent resistance
to overfitting makes it a superior choice for building a trustworthy predictive model that can
be accurately generalised to new spatial data (see Grekousis et al., 2022).

The regression results were obtained by integrating GWR and GRF to create a
comprehensive spatial analysis of the factors influencing poverty (Neumann et al., n.d.). This
hybrid approach leveraged the unique strengths of each model: GWR provided precise,
location-specific coefficients and p-values to identify where relationships were statistically
significant (Paez et al., 2011), while GRF quantified the relative importance of each variable,
revealing which factors were the most powerful drivers of the outcome at any given location
(see Lietal., 2010).

The analysis moved beyond simply identifying where temperature variation was significant:
it specifically isolated areas where the GWR model showed an insignificant relationship (p-
value > 0.05) and consulted the GRF importance scores to interpret this result. In these
locations, a high GRF importance score for temperature revealed a critical insight — that
temperature was still a key predictive factor, but its relationship with poverty was complex,
non-linear, and likely involved interactions with other variables which a linear model could
not capture.
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4  Empirical results: Temperature variability
and poverty levels

4.1 Descriptive analysis

4.1.1  Spatial distribution of consumption levels

Figure 5 shows mean consumption from aggregated data of NPS waves 1 to 4 (2007/08 -
2014/2015) by region. Descriptive statistics reveal that mean consumption by location was
unevenly distributed, with Dar es Salaam having the highest mean consumption (TZS
151,585), followed by Pwani (TZS 114,458), Kilimanjaro (TZS 97,594), Iringa (TZS 94,144),
Mijini Magharibi (TZS 91,378), and Arusha (TZS 90,605). The results for Iringa, Dar es
Salaam, and Mbeya align with those of REPOA (2018). Considering the mean consumption
of around TZS 90,000 (i.e. TZS 94,500), which is equivalent to the international poverty line
per month (i.e. USS 1.9 per capita per day), these regions were also above the international
poverty line. Most of the regions had mean consumption below the international poverty
line. The regions which had the lowest mean consumption were Kigoma (TZS 48,700),
Rukwa (TZS 52,672), Dodoma (TZS 55,227), Simiyu (TZS 58,352), Manyara (TZS 59,505),
Tabora (TZS 59,038), and Ruvuma (TZS 60,140). The results in relation to Kigoma and
Tabora align with REPOA (2018), which indicated that the two regions were in the poorest
zone, with more than 50% of the population being poor, while Simiyu was one of the regions
with areas with the highest poverty incidence. The results for Rukwa and Ruvuma contrast
with REPOA (2018) as that study’s analysis was at the zonal level: it considered the average
of these regions together with Iringa and Mbeya, whose per capital consumption is higher
than the international poverty line. Given the presence of the spatial variation in
consumption levels, it is important to establish if climate change has an effect on
consumption by region.
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Figure 5: Spatial distribution of monthly mean consumption per capita — NPS waves 1 — 4
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4.1.2 Climate variation

Figure 6 presents results for climate variation (variation in temperature, precipitation,
humidity, and soil moisture) during the NPS waves 1 to 4 (i.e. 2007/8 to 2014/15) against
that in the period 1979 to 2015, which is considered as the control, with expected variation.
The results indicate that temperature variation when compared to the control was high in
April and July, and between September to November. Humidity variation against the control
was high between February and May, and in June, October, and December. Precipitation
variation against control was high in April, and between May and October. Soil variation
against the control was high throughout, except in February, July, and November. The results
reveal the presence of climate variation when compared to the control and thus justify
continued analysis to establish if the variation has an effect on poverty levels.

Figure 6: Monthly climate variation (NPS waves 1-4 against control (1979-2015))

Aggregate Monthly Temperature Variation Across Tanzania

—@— Recent Vanaton (2008—-2015)
o — Long-term Variation (1979-2015)

Temperature Variation (°C)
N '] Y

© Data & Evidence to End Extreme Poverty 16



THE IMPORTANCE OF CLIMATE CHANGE VARIABLES AND THE EFFECT OF TEMPERATURE VARIATIONS ON POVERTY IN
TANZANIA: A SPATIAL ANALYSIS

Aggregate Monthly Humidity Variation Across Tanzania
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Figure 7 reveals the presence of diverse spatial distribution of climate variation across
Tanzania, which could be driven by different topographies, proximity to water bodies, and
regional climatic zones. Tanzania experiences both uni-modal and bi-modal rainfall patterns,
influencing how temperature, precipitation, humidity, and soil moisture vary across regions,
as observed in the figure below. The figure reveals that areas far from the water bodies
experienced higher climate variations than those closer to water bodies. Areas which
experienced the highest temperature variation (i.e. above 0.4) included Simiyu, Kigoma,
Rukwa, Ruvuma, Manyara, Arusha, Shinyanga, and Katavi. With the exception of Arusha,
these were the regions with the lowest monthly per capita consumption (i.e. less than TZS
60,500).

Figure 7: Spatial climate variation across NPS dataset, all waves
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Ward Boundaries & Regional Precipitation Variation Ward Boundaries & Regional Soil Moisture Variation
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Regarding other climate change indicators, the regions that experienced high variation in
humidity (i.e. at least 2.00) and soil moisture (at least 0.02) were found in the central and
northern parts of Tanzania. Njombe, Manyara, and Kilimanjaro experienced high variation in
levels of precipitation.

4.2 Effect of climate change on poverty levels: findings and discussion

4.2.1 Spatial distribution of climate change variables’ importance scores in affecting
poverty

Figure 8 reveals that the importance of climate change variables in affecting poverty levels
differs by geographical location, indicating the localisation of the level of impact of the
climate change variables on poverty levels. Indeed, the importance of temperature variation
in affecting poverty levels was high in Geita, Mwanza, Shinyanga, Njombe, Mjini Magharibi,
and Lindi. These locations had importance scores higher than the national importance score
(0.317) for the effect of temperature variability on poverty. Areas where the effect of
temperature variability on poverty was of moderate importance (0.2 to 0.3) included Arusha,
Iringa, Singida, Morogoro, Mara, Simiyu, and Mtwara. The importance of temperature
variability in affecting poverty levels was the lowest in Kusini Pemba, Ruvuma, and Tanga.
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Figure 8: The importance of climate variation in affecting poverty levels by location
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Additionally, the results revealed that areas where the importance score for the effect of
humidity variation on poverty levels was higher than the national mean importance score of
0.25 were Katavi, Kilimanjaro, Iringa, and Mjini Magharibi. Furthermore, certain regions
(Kagera, Kilimanjaro, Morogoro, and Mjini Magharibi) had a high importance score for
precipitation variation in regard to affecting poverty levels. Arusha and Singida had high
importance scores for soil humidity affecting poverty levels when compared to other
regions. These results confirm our earlier observation that the effect of climate change on
poverty levels is location-specific and cannot be nationally or globally generalised. Apart
from climate change effects, locations within a nation have different levels of economic,
social, and infrastructure development, which might offer diverse employment opportunities,
leading to different levels of income and of consumption (WB, 2020).

4.2.2 Relationship between temperature variability and predicted poverty by wards
across regions

Figure 9 shows results generated using the GRF Classifier, which predicted poverty levels
per capita based on climate change variables and dummy poverty. The results indicate that
wards across the different regions have diverse predicted poverty levels per capita. Out of
3,285 wards from 30 regions in Tanzania, 25.1% have a mean predicted poverty level above
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0.6, and hence are considered not poor, while 74.9% have a mean poverty prediction below
0.6 and thus are considered poor. All regions have poorer wards. Some wards in a region
(Dar es Salaam) with the highest mean per capita consumption also have poorer wards,
standing out as outliers. This has also been observed by WB (2020) linking the differences in
poverty with economic opportunities found in different wards in Dar es Salaam. Some
regions (Kigoma, Rukwa, Dodoma, Simiyu, Manyara, and Ruvuma) with the lowest per capital
consumption also have wards which are non-poor.

Figure 9: Mean predicted poverty levels by wards across regions
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Given the presence of outliers at regional level — and possibly at district level — further
analysis of the relationship between temperature variation and poverty (while controlling for
variation in other climate variables) was done at ward level. Ward-level analysis also helps to
avoid the generalisation of poverty outcomes and the development of policy
recommendations with only limited insights generated from regional/district-level analysis
where many wards are grouped together.

The results shown in Table 2 reveal that out of 3,285 wards covered by the study,
temperature variation had a statistically significant effect on poverty (captured in three
categories, i.e. non-poor, intermediate-poor, and extremely poor) in 2,270 wards (69.1%).
60.5% of these were negatively affected. These included 61.3% of the extreme poor, 67.4%
of the intermediate-poor, and 52.8% of the non-poor wards. Negatively affected wards were
pushed into a poorer state, while the rest (with positive coefficients) experienced reduced
poverty. Negatively affected wards are likely to depend on sectors (e.g. maize, rice, seaweed,
fishing), and to be positioned in locations, that are more vulnerable to temperature variation,
to have limited non-agricultural economic activities and social services (Rowhani et al.,
2011; Ahmed et al., 2011; Herrera et al., 2018; Kari, 2021; Kapapa et al., 2022; WB, 2020,
2024), and to have a lower level of adaptation to climate change, such as engaging in
farming and using technologies aligned to the variation (Mbwambo et al., 2022). Those
whose poverty decreased due to an increase in temperature variation might be engaged in
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crops benefiting from temperature rises, such as coffee, and be based in the southern
highlands, or they might practise adaptive measures in relation to temperature rises and
variations, in line with the observations in Kira (2021) and Mbwambo et al. (2022). Those not
affected by temperature variations might be highly dependent on non-agricultural sectors.

Table2: Global summary of GRF and GWR results

Ward-level aggregated analysis

1: Temperature coefficient significance: 2: Ward level: Poverty, importance, and local R2:
Total wards analysed: 3285 Non-poor wards (>0.6): 581 (25.6%)
Significant (p < 0.05): 2270 Intermediate poor wards: 433  (19.1%)
% significant: 69.1% Extreme poor wards (<0.3): 1256 (55.3%)
1.1: Significance level breakdown: Wards temp imp > 0.32: 580 (25.6%)
p-value range Count Wards temp imp < 0.32: 1690 (74.4%)
p <0.001 1738 Coefficient sign by ward poverty category:
0.001 < p=0.01 280 Temp coef (+), extreme poor: 486
0.01<p=<0.05 252 Temp coef (-), extreme poor: 770  (61.3%)
p>0.05 1015 Temp coef (+), interm. poor: 141
Temp coef (-), interm. poor: 292 (67.4%)
Temp coef (+), non-poor: 274
Temp coef (-), non-poor: 307 (52.8%)
Wards local R? = 70%: 202  (8.9%)
Non-poor wards: 19 (9.4%)
Intermediate poor wards: 44 (21.8%)
Extreme poor wards: 139 (68.8%)

The results further indicate that non-poor wards are also negatively affected by temperature
variation. This is in line with the observation in World Bank (2024) that climate change will
push more people into poverty if temperature variation is unaddressed.

Out of the 2,270 wards, 30 (i.e. the poorest in 30 regions, one per region) were selected for
further analysis. The results in Figure 10, Figure 11, and Annex A mapping temperature
variation importance and poverty patterns reveal that out of 30 wards, 25 (83.3%) were the
poorest, having predicted poverty below 0.03, and only 6.7% showed predicted poverty of at
least 0.28, i.e. slightly below the predicted national poverty line (0.3). The results further
show substantial differences in the importance of temperature variation (scores ranging
from 0.016 to 0.633) by wards, with 76.7% of wards demonstrating high temperature
importance (>0.32). This further suggests that temperature is a significant factor in their
economic conditions. Only 23.3% show a low importance score for temperature variation
(<0.32).
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Figure 10: Importance of temperature variation and predicted poverty
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The results further show that an increase in temperature variation reduces consumption

(increases poverty) in 22 (73.3%) out of 30 wards. This is particularly significant since these

are the poorest wards. The remaining eight wards show positive coefficients, potentially
indicating some beneficial effects of temperature variation increases, which could be
because such increase have not yet reached a level that is causing harm. The few wards
with positive coefficients (particularly Chalangwa ward in Mbeya and Matamba ward in
Njombe, with coefficients =+0.25, low scores for temperature importance = 0.1244) may

represent wards with unique economic activities or locations (mountainous/highlands) that

benefit from warmer temperatures or where people are engaged in adaptation measures,
potentially offering insights in regard to climate adaptation strategies.
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Figure 11: Geographical distribution of temperature variation importance and regression results

1e6

Mara
Manga
Temp_inf: 0.63
Temp_Coef: -0.20

Mwanza .. *

Arusha e
Kaskazini Unguja
Zingwe Zingwe
Temp_Inf: 0.51
Temp_Coef: 0.87

hsggmi Pemba
Temp-inf: 0.34 Tefhp_Inf: 0.35
_Coef: -0.33 -0,

9.8

ldlln}an}:ro

- 0.5

9.6 1

Ndolwa
Temp_inf: 0.32

Tabol

Nangt

Temp_inf: 0.55 % T-mp_c

= |
| A ir: - 4% =
23| Temp_Coef: 0.11 T F7
S s Yadl o

2

Moro
> - Mab x y
- : = b et Tem usihi Unguja
%4 : EAEET W a7 - =
S e— A

Tem; 3
_Coef: -0.19
‘ 3 ]

3,
Manyara
I Dongo - ,
S ] Temp_inf: 0.51 l, i " < ini Magharibi
r—— 4
e p_Cu': -0.22 ¥ i L ani

T T
‘ : Sy : (8 Temp_inf: 0.43
\ Temp _inf: 0.05 ‘ 2 0. s & Temp_Coef: -0.19
2 Temp Coef: -0.17 -
L iz 7\
- *, w - = 5 r Dar-bs-salaam
\ == Temek
= v Mbalamaziwa ) .
Temp.inf: 0.45

T
o
w

9.2

Temperature Importance

Temp_inf: 0.57
Temp_Coef: -0.34

1-0.23[ A
s =3 | Temp_Inf: 0.35
u— Temp_Coef: -0.13
0.2
9.0 1

0.1
8.8 4

T T T T T T T 0.0
—600000 —400000 —200000 0 200000 400000 600000

Of the 22 wards whose consumption was reduced by temperature variation, 17 (77.3%) had
high scores for temperature variation importance (>3.2). The combination of high
temperature variation importance scores and negative coefficients indicates a vulnerability
concern and poverty prediction below 0.02 in wards like Rudi in Dodoma (importance score
= 0.63, coefficient = -0.50), Nambambo in Lindi (importance score = 0.59, coefficient =-0.35),
Nanganga in Mtwara (importance score =0.61, coefficient =-0.36), and Temeke in Dar es
Salaam (importance score = 0.57, coefficient = -0.34). Temeke is characterised by high
levels of informal settlement and a lack of basic services, including water and waste
management, hence it is susceptible to diseases associated with high temperature (see
World Bank, 2024). Rudi is in the central zone, which is vulnerable to climate change (World
Bank, 2024). Differences in the magnitude of effects in results generated by a small area
analysis align with the findings by Brzezinska and Jasper (2023).
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5 Conclusion and implications

This paper has examined the importance of climate change variables in regard affecting
poverty, and the effect of temperature variability on poverty by geographical locations. It
applied Global RF, GRF, and GWR to poverty data for 10,832 households in 3,285 wards from
the NPS (2008-2015) and climate change data from NBS and ECMWF, respectively. Global
RF results show that temperature variation scored the highest in terms of its importance in
affecting poverty, followed by humidity, soil moisture, and lastly precipitation. Global RF
results further show a negative relationship between poverty and temperature variation at
national level. A small area analysis using GRF reveals that climate change variables have
diverse levels of importance in different wards. Their importance ranges from very low in
some wards to high (above the national average) in others.

GWR results also show that the relationship between temperature variation is significant in
69.1% of the wards, of which 60.5% (including non-poor, intermediate-poor, and extremely
poor) were negatively affected — meaning they were pushed into a state of greater poverty.
Wards which experienced negative temperature variability effects might be highly dependent
on sectors (e.g. short season crop farming like maize, rice, seaweed; and fishing) that are
highly vulnerable to temperature variation, be located in areas with limited non-agricultural
opportunities, and have limited engagement in temperature variation adaptation measures,
aligning with the findings of Rowhani et al. (2011), Ahmed et al. (2011), Herrera et al. (2018),
Kari (2021), Kapapa et al. (2022), WB (2020, 2024). Those which experienced positive
effects or the lack of a significant relationship might be engaged in long season crops (e.g.
coffee), or where people are adapting to temperature variation, as observed by Kari (2021)
and Mbwambo et al. (2022). These contradicting findings call for further empirical studies
that consider wards'’ attributes in terms of sectoral composition, the nature and types of
adaptation practices, and non-agricultural pathways.

The GRF and GWR results centred on the 30 poorest wards across 30 regions in Tanzania
and revealed that in the majority of them temperature variation was more important than the
national average, mostly being negatively affected. The magnitude of effects varied across
the wards, aligning with Brzezinska and Jasper (2023). In some wards where temperature
variation was not important, the ward was still significantly affected by it. This calls for
further research applying small area analysis to establish other climate change variables
which together with temperature variation might play a part in affecting poverty.

Based on the results and considering the country’s geographical location, size, and
landscape, small area analyses are crucial for developing area-specific measures to adapt to
climate change. Poor wards with high temperature variation importance scores and which
are negatively affected by temperature variation could be prioritised for adaptation
measures in a context in which resources are limited. The results also highlight the need to
design a programme that considers the types of adaptation measures needed to address
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climate change variables that are important in influencing poverty in a specific ward,
avoiding the having one programme that seeks to be fit for all wards.

Although the analysis utilises NPS data from 2008 to 2015, the results are still valid and
useful since Tanzania has continued to experience rises in temperature and
precipitation/rainfall variations after 2015 (URT, 2021; Future Climate for Africa, 2017). The
magnitude of their effects on poverty are likely to be high as Tanzania is poorly prepared to
deal with climate change (World Bank, 2024). Future research utilising recent poverty data
might yield more insights and could complement this paper.
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Annex A

Poverty estimates and Local R? (p < 0.05)

Region_Name Ward_Name Poverty_Prob Temp_Influence Temp_Coef P_Value
251 Arusha Orgosorok 0.0800 0.0711 -0.2734 0.0000
1009 Dar es Salaam Temeke 0.0168 0.5697 -0.3394 0.0000
36 Dodoma Rudi 0.0156 0.6302 -0.4970 0.0000
3181 Geita Kagu 0.0120 0.5515 -0.1253 0.0006
1483 Iringa Mbalamaziwa 0.0142 0.4482 -0.2307 0.0002
2456 Kagera Murusagamba 0.0152 0.6233 0.1118 0.0089
3489 Kaskazini Pemba Kipangani 0.2800 0.3500 -0.4407 0.0005
3322 Kaskazini Unguja Zingwe Zingwe 0.0126 0.5079 0.8734 0.0000
3068 Katavi Kasansa 0.0154 0.0501 -0.1483 0.0000
2206 Kigoma Nyamtukuza 0.0170 0.5963 0.1472 0.0004
431 Kilimanjaro Majengo 0.1076 0.3393 -0.3348 0.0000
3548 Kusini Pemba Chanjaani 0.2800 0.3500 -0.4263 0.0022
3360 Kusini Unguja Mchangani 0.0172 0.4252 -0.1921 0.0000
1078 Lindi Nambambo 0.0124 0.5944 -0.3459 0.0000
2915 Manyara Dongo 0.0166 0.5137 -0.2174 0.0002
2696 Mara Manga 0.0180 0.6280 -0.2043 0.0000
1554 Mbeya Chalangwa 0.0170 0.1244 0.2504 0.0000
3448 Mjini Magharibi Mchangani 0.0172 0.4252 -0.1921 0.0000
675 Morogoro Mabula 0.0166 0.5137 -0.1395 0.0127
1227 Mtwara Nanganga 0.0146 0.6168 -0.3610 0.0000
2621 Mwanza Kalebezo 0.0118 0.6046 -0.2313 0.0000
2972 Njombe Matamba 0.0170 0.1244 0.2867 0.0000
865 Pwani Msanga 0.0294 0.3543 -0.1281 0.0187
2069 Rukwa Muze 0.0118 0.0482 -0.1687 0.0000

© Data & Evidence to End Extreme Poverty

30



THE IMPORTANCE OF CLIMATE CHANGE VARIABLES AND THE EFFECT OF TEMPERATURE VARIATIONS ON POVERTY IN TANZANIA: A SPATIAL ANALYSIS

1429 Ruvuma
2247 Shinyanga
3170 Simiyu
1798 Singida
1927 Tabora
595 Tanga

Mgombasi
Mwadui Lohumbo
Nyaluhande

Msisi

Nanga

Ndolwa

0.0126
0.0186
0.0124
0.0172
0.0198
0.0393

0.3713
0.3600
0.0580
0.5142
0.5458
0.3194

0.2397
-0.1013
-0.0754
0.1693
0.1147
-0.2533

0.0000
0.0066
0.0344
0.0001
0.0009
0.0000
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