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Abstract
Cross-lingual transfer learning enables building NLP systems for low-resource languages by leveraging data from
higher-resource languages. A critical but understudied question for African languages is: which source languages
should be selected for multi-source transfer? We present a systematic comparison of four source language selection
strategies: random selection (baseline), genetic distance based on language family trees, geographic distance
based on speaker locations, and embedding similarity from multilingual models. We evaluate these strategies
on Named Entity Recognition, Part-of-Speech tagging, and sentiment analysis across five typologically diverse
African target languages (Hausa, Yoruba, Swahili, Igbo, Kinyarwanda) using three multilingual models. We further
investigate how the number of source languages affects transfer performance. Our experiments reveal that no
single strategy dominates across tasks: geographic distance leads on sequence labeling tasks while embedding
similarity is most effective for sentiment analysis, and all informed strategies consistently outperform random selection.

Keywords: cross-lingual transfer, source language selection, African languages, multilingual NLP, low-resource

languages

1. Introduction

Building natural language processing systems for
low-resource languages remains a significant chal-
lenge, particularly for the over 2,000 languages spo-
ken across Africa (Eberhard et al., 2024). These
languages exhibit high typological diversity across
multiple language families (Niger-Congo, Afro-
Asiatic, Nilo-Saharan, Khoisan), with many lan-
guages having limited linguistic proximity to higher-
resource languages (Ogueiji et al., 2021; de Vries
et al., 2022). This diversity makes African lan-
guages an ideal testbed for evaluating source selec-
tion strategies, as transfer often requires crossing
language family boundaries where traditional typo-
logical features provide limited guidance. Cross-
lingual transfer learning offers a promising solution:
leveraging labeled data from higher-resource lan-
guages to build systems for languages with lim-
ited or no training data (Pires et al., 2019; Wu and
Dredze, 2019). Recent work has demonstrated
the effectiveness of multilingual pretrained mod-
els such as mBERT (Devlin et al., 2019), XLM-R
(Conneau et al., 2020b), and African-focused mod-
els like AfriBERTa (Ogueiji et al., 2021) and AfroX-
LMR (Alabi et al., 2022) for transferring knowledge
across languages. These models learn language-
agnostic representations that enable transfer even
between typologically distant languages (Conneau
et al., 2020a; de Souza et al., 2024).

While much attention has focused on improv-
ing multilingual model architectures, a fundamental
practical question remains understudied: which

source languages should practitioners select for
cross-lingual transfer? This question becomes par-
ticularly important in multi-source transfer settings,
where combining data from multiple source lan-
guages can outperform single-source transfer (Lim
et al., 2024; Ansell et al., 2021). For practitioners
working with African languages, source selection
decisions have direct implications for data collec-
tion efforts, annotation costs, and downstream sys-
tem performance.

Prior work on source language selection has ex-
plored various strategies. Typological approaches
leverage linguistic features such as language fam-
ily, word order, and morphology (de Vries et al.,
2022; Rice et al., 2025), often using databases like
URIEL/lang2vec (Littell et al., 2017). More recently,
embedding-based methods have shown promise by
computing similarity directly from multilingual model
representations (Idris et al., 2026b; Ebrahimi et al.,
2025), though their effectiveness varies by task and
language pair (Rice et al., 2025). Multi-source ap-
proaches combine data from multiple languages
(Limetal., 2024; Ansell et al., 2021), though optimal
source combinations remain underexplored.

However, most source selection research has fo-
cused on European and Asian languages. Recent
work on African NLP has developed specialized
models (Ogueiji et al., 2021) and benchmarks (Ade-
lani et al., 2022; Dione et al., 2023), demonstrating
that source language choice can improve perfor-
mance by 14 F1 points over default English transfer
(Adelani et al., 2022). Yet systematic comparison of
source selection strategies specifically for African
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languages remains lacking. Existing studies often
transfer from English by default (Thangaraj et al.,
2024; Ogundepo et al., 2023), leaving open the
question of whether alternative source languages
or combinations might be more effective.

In this paper, we present a systematic compar-
ison of four source language selection strategies
for African languages: random selection (baseline),
genetic distance based on language family rela-
tionships (Littell et al., 2017), geographic distance
based on speaker locations, and embedding simi-
larity computed from multilingual models. We eval-
uate these strategies across three tasks (Named
Entity Recognition, Part-of-Speech tagging, and
sentiment analysis), five typologically diverse tar-
get languages (Hausa, Yoruba, Swabhili, Igbo, and
Kinyarwanda), and three multilingual models (AfriB-
ERTa, AfroXLMR, and Serengeti (Adebara et al.,
2023)). We further investigate how the number of
source languages affects transfer performance.

Our contributions are threefold. First, we provide
the first systematic comparison of source selection
strategies specifically for African languages, eval-
uating how genetic, geographic, and embedding-
based approaches perform across diverse typolog-
ical scenarios. Second, we investigate the effect of
the number of source languages in zero-shot set-
tings, providing guidance on how many existing an-
notated datasets practitioners should transfer-learn
from when no target language training data is avail-
able. Third, we analyze selection strategy effec-
tiveness across different tasks and model architec-
tures, revealing that the optimal strategy depends
on the task type, providing actionable guidance for
practitioners building NLP systems for low-resource
African languages.

2. Related Work
2.1. Source Language Selection
Strategies

Cross-lingual transfer relies on selecting appro-
priate source languages to maximize knowledge
transfer. Prior work has explored three main selec-
tion strategies. Genetic distance, based on lan-
guage family relationships, has been widely used
through typological databases like URIEL (Littell
et al., 2017). Large-scale studies show that ge-
nealogical distance reliably predicts transfer per-
formance (de Vries et al., 2022; Rice et al., 2025),
with learned ranking approaches like LangRank
(Lin et al., 2019) incorporating genetic features
alongside dataset properties. Geographic dis-
tance has been proposed as an alternative that
captures language contact and regional borrowing
(Nasir and Mchechesi, 2022; Winata et al., 2022).
Nasir and Mchechesi (2022) demonstrated that
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geographic proximity can predict optimal source
languages for African language translation, while
Winata et al. (2022) found that geographically sim-
ilar languages improve cross-lingual adaptation.
Embedding similarity, computed directly from
multilingual model representations, has emerged
as a model-based alternative. Lin et al. (2023)
showed that similarity induced from pretrained mod-
els outperforms linguistic features by 1-2% on zero-
shot transfer, and Ebrahimi et al. (2025) demon-
strated that representation-based ranking beats
feature-based baselines by 35.56 points in Nor-
malized Discounted Cumulative Gain (NDCG), a
ranking quality metric that measures how well rele-
vant items are placed near the top of a ranked list
(Jarvelin and Kekélainen, 2002).

For African languages specifically, Idris et al.
(2026b) evaluated embedding similarity metrics for
predicting cross-lingual transfer across NER, POS
tagging, and sentiment analysis, the same tasks
examined in this work, finding that cosine gap and
retrieval-based metrics moderately predict transfer
success (p = 0.4-0.6).

2.2. Multi-Source Cross-Lingual Transfer

Recent work demonstrates benefits from combin-
ing multiple source languages. Lim et al. (2024)
showed that multi-source transfer consistently out-
performs single-source approaches and investi-
gated optimal numbers of source languages, find-
ing that combining diverse sources leads to in-
creased mingling of embedding spaces across
languages. Ansell et al. (2021) developed MAD-
G, which generates language-specific adapters
by combining information from multiple sources
weighted by typological similarity. However, Lim
et al. focused on European and Asian languages,
while MAD-G employed adapter-based methods
rather than direct fine-tuning. Neither study system-
atically compared selection strategies for African
languages or investigated whether findings about
optimal source counts generalize to typologically
distinct language families.

2.3. African Language NLP

The African NLP community has developed dedi-
cated resources to address language underrepre-
sentation (Joshi et al., 2020). Benchmarks such
as MasakhaNER (Adelani et al., 2022), Masakha-
POS (Dione et al., 2023), and AfriSenti (Muham-
mad et al., 2023) enable systematic cross-lingual
transfer evaluation. Multilingual models like AfriB-
ERTa (Ogueji et al., 2021), AfroXLMR (Alabi et al.,
2022), and Serengeti (Adebara et al., 2023) have
been developed specifically for African languages.
Studies using these resources show that source
language choice significantly impacts performance,



with Adelani et al. (2022) finding 14 F1 point im-
provements over English for NER. However, these
studies examined source selection post-hoc rather
than systematically comparing selection strategies.
Our work addresses this gap by providing the first
controlled comparison of genetic, geographic, and
embedding-based selection strategies for African
languages across multiple tasks, target languages,
and model architectures, while also investigating
how the number of source languages affects trans-
fer performance.

3. Methodology
3.1. Source Language Selection
Strategies

We compare four strategies for selecting source
languages in multi-source cross-lingual transfer:

Random Selection. We randomly sample K
languages from the available source pool, serving
as an uninformed baseline. We use a fixed seed
to ensure reproducibility, making this baseline de-
terministic across all experiments.

Genetic Distance. We select the K languages
with smallest genetic distance to the target, com-
puted using the URIEL typological database (Littell
et al., 2017) via 1ang2vec. Genetic distance cap-
tures language family relationships, with languages
from the same family having smaller distances.

Geographic Distance. We select the K lan-
guages with smallest geographic distance to the
target, also computed via URIEL. Geographic dis-
tance captures spatial proximity between speaker
populations, which may reflect contact-induced sim-
ilarities.

Embedding Similarity. We select the K lan-
guages with highest embedding similarity to the
target. We extract mean-pooled sentence embed-
dings from each model’s final layer using 2,000
parallel sentences from FLORES-200 (NLLB Team,
2024). We then compute the cosine gap score, de-
fined as the difference between the average cosine
similarity of correct translation pairs and that of in-
correct pairs. This metric addresses the anisotropy
problem in multilingual embeddings, where raw
cosine similarity fails to discriminate between lan-
guages due to embeddings clustering in narrow
cones. Raw cosine similarity between multilingual
embeddings tends to produce uniformly high scores
across all language pairs due to this clustering,
making it difficult to distinguish genuinely aligned
languages from superficially similar ones. Cosine
gap addresses this by measuring whether a model
can distinguish correct translation pairs from incor-
rect ones: for a well-aligned language pair, correct
translations should score noticeably higher than
random cross-lingual pairings, producing a large
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gap. A small gap indicates that the model treats
correct and incorrect pairings similarly, suggesting
weak functional alignment regardless of the raw co-
sine score. We select the K sources with highest
cosine gap scores relative to the target. The spe-
cific values of K tested are detailed in Section 3.5.

3.2. Tasks and Datasets

We evaluate on three sequence labeling and clas-
sification tasks from the Masakhane project:

Named Entity Recognition (NER). We use
MasakhaNER 2.0 (Adelani et al., 2022), which pro-
vides manually annotated NER data for 20 African
languages with four entity types (PER, ORG, LOC,
DATE). We report entity-level F1 scores following
standard practice.

Part-of-Speech Tagging (POS). We use
MasakhaPOS (Dione et al., 2023), which provides
POS annotations for 20 African languages using
the Universal Dependencies tagset. We report
token-level accuracy following Universal Depen-
dencies conventions.

Sentiment Analysis. We use AfriSenti (Muham-
mad et al., 2023), which provides sentiment-
annotated tweets for 14 African languages with
three classes (positive, negative, neutral). We re-
port weighted F1 score to account for class imbal-
ance in social media data.

Table 1 shows training set sizes per language
and task. Dataset sizes vary substantially for NER
(3,384 to 7,825 sentences) and sentiment (1,810 to
14,172 sentences), while POS datasets are more
uniform (693 to 893 sentences). For NER and
POS, the source pool contains 19 languages per
target. For sentiment analysis, only 8 languages
have available data in AfriSenti, resulting in 7 can-
didate source languages per target.

3.3. Models

We evaluate three multilingual models designed for
African languages:

AfroXLMR (Alabi et al., 2022): An XLM-R model
adapted through continued pretraining on African
language data.

AfriBERTa (Ogueiji et al., 2021): A transformer
model pretrained from scratch on 11 African lan-
guages.

Serengeti (Adebara et al., 2023): A multilingual
model covering 517 African languages and lan-
guage varieties.

3.4. Languages

We select five typologically diverse target lan-
guages: Hausa (hau), Yoruba (yor), Swahili (swa),
Igbo (ibo), and Kinyarwanda (kin). These span two
major language families: Afro-Asiatic (Hausa) and



Language NER POS Sentiment
amh - - 5,985
bam 4,462 775 -
bbj 3,384 750 -
ewe 3,505 728 -
fon 4,343 810 -
hau' 5,716 753 14,172
ibof 7,634 803 10,192
kinf 7,825 757 3,302
lug 4,942 733 -
luo 5,161 758 -
nya 6,250 728 -
pcm 5,646 752 5,121
sna 6,207 747 -
swa' 6,593 693 1,810
tsn 3,489 754 -
twi 4240 785 3,481
wol 4,593 782 -
xho 5,718 752 -
yorf 6,876 893 8,522
zul 5,848 753 -

Table 1: Training set sizes (sentences) per lan-
guage and task. fTarget languages. *Source only
(not used as target). Data sources: MasakhaNER
2.0 (NER), MasakhaPOS (POS), AfriSenti (Senti-
ment).

Niger-Congo, with the latter including both Bantu
(Swahili, Kinyarwanda) and Volta-Niger (Yoruba,
Igbo) branches. For each target, the source pool
consists of all other languages available in the re-
spective datasets, yielding 19 candidate sources
for NER and POS, and 7 for sentiment analysis.

3.5. Experimental Design

Phase 1: Strategy Comparison. We fix K = 3
source languages following Lim et al. (2024), who
found this to be effective for multi-source transfer.
For each combination of task, model, and target
language, we select sources using each of the four
strategies, fine-tune on the combined source data,
and evaluate on the target test set. All five target
languages appear in all three datasets, yielding 3
tasks x 3 models x 5 targets x 4 strategies = 180
experimental configurations.

Phase 2: Optimal Source Count. Using
embedding-based selection (which achieves the
highest overall average across Phase 1), we vary
the number of source languages K € {1,2,3,5} to
investigate whether the choice of K = 3 general-
izes to African languages. We test all combinations
of task, model, and target language for each value
of K, yielding 3 tasks x 3 models x 5 targets x 4
values of K = 180 additional configurations.
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Strategy NER POS Sent. Avg
Geographic .673 .711 427 604
Genetic .645 677 .489 .604
Embedding .644 694 .505 .614
Random .638 .632 .451 574

Table 2: Phase 1 results: Average performance by
selection strategy (K=3). Best results per task in
bold. NER and sentiment report F1; POS reports
accuracy.

3.6. Training Details

We fine-tune all models for up to 10 epochs using
the AdamW optimizer with learning rate 2 x 105,
batch size 16, weight decay 0.01, and warmup ratio
0.1. Maximum sequence length is set to 256 tokens
for NER and POS, and 128 tokens for sentiment.
We use epoch-level evaluation and select the best
checkpoint based on source language validation F1
(or accuracy for POS), maintaining zero-shot eval-
uation on target languages. For multi-source train-
ing, we concatenate training data from all selected
source languages without resampling, allowing nat-
ural dataset size variation. We use the standard
train/dev/test splits provided by each benchmark.

4. Results

4.1.

Table 2 presents the performance of each source
language selection strategy across all three tasks,
averaged over 3 models and 5 target languages
per task.

The results reveal that no single selection strat-
egy dominates across all tasks. Geographic dis-
tance achieves the best performance on both NER
(.673) and POS (.711), while embedding-based se-
lection leads on sentiment (.505). All three informed
strategies outperform random selection, with gains
of 3-8 percentage points in overall average.

Several task-specific patterns emerge. For the
two sequence labeling tasks (NER and POS), ge-
ographic distance provides the strongest transfer
signal. This may reflect the fact that geographi-
cally proximate African languages share structural
features relevant to token-level prediction, such as
similar morphological patterns or shared borrow-
ings, even when they belong to different language
families. For sentiment analysis, embedding-based
selection provides the best performance, while geo-
graphic distance performs worst (.427), even below
random selection (.451). This divergence likely re-
flects domain mismatch: geographic proximity cap-
tures structural similarities relevant to sequence
labeling, but sentiment expression patterns in so-
cial media may depend more on the cross-lingual

Phase 1: Strategy Comparison



Model Strategy NER POS Sent.
Geographic .629 .682 .411

. Genetic 542 627 491
AMBERTa £ edding 614 663  .502
Random 570 544 457
Geographic .693 .726  .486

Genetic 707 711 490

AOXLMR  Epedding 667 723 .502
Random .674 669  .450
Geographic .696 .725 .444

Serenqeti Genetic .686 .694  .487
9 Embedding .650 .697 .51
Random .672 .683  .446

Table 3: Phase 1 results per model, averaged
across five target languages (K=3). Best results
per model and task in bold.

alignment captured by embedding similarity.

Across all tasks, the three informed strategies
substantially outperform random selection, confirm-
ing that principled source language selection pro-
vides meaningful benefits for cross-lingual transfer
to African languages.

Per-Model Performance. Table 3 reports aver-
age performance for each model individually. The
strategy rankings are largely consistent across
models: geographic distance leads on NER for
all three models and on POS for AfroXLMR and
Serengeti, while embedding similarity leads on sen-
timent for all three. However, individual models
show notable divergences. AfriBERTa exhibits sub-
stantially lower scores under genetic distance for
NER (average .542 vs. .707 for AfroXLMR), partic-
ularly for Hausa (.382) where the selected sources
(Bambara, Ghomala, Ewe) share neither family
nor pretraining data with the target. AfroXLMR
achieves the highest scores on NER and POS,
while Serengeti leads slightly on sentiment.

Per-Language Performance. Table 4 shows
NER performance broken down by target language,
averaged across three models. Geographic dis-
tance achieves the highest scores for three of five
targets (Hausa, Igbo, Kinyarwanda). For Swalhili,
genetic distance performs best, correctly identi-
fying Bantu relatives (Luganda, Chichewa, Kin-
yarwanda). For Yoruba, genetic distance also leads
by identifying the closely related Igbo. These re-
sults demonstrate that the effectiveness of each
strategy depends on the typological relationships
available in the source pool.

Source Selection Patterns. Table 5 shows the
source languages selected by each strategy across
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Strategy hau yor swa ibo kin
Embedding .662 .504 .698 .673 .681
Genetic 535 .546 .777 .688 .681
Geographic .728 .430 .773 .740 .692
Random .681 482 716 .668 .645

Table 4: NER F1 scores by target language, av-
eraged across three models (K=3). Best per-
language results in bold.

all five targets. The strategies exhibit distinct selec-
tion behaviors reflecting their underlying assump-
tions.

Genetic distance selects based on language fam-
ily relationships. For Bantu targets (Swabhili, Kin-
yarwanda), it correctly identifies Bantu relatives:
Luganda, Chichewa, and the other Bantu target
(Kinyarwanda for Swahili, Swabhili for Kinyarwanda).
For Yoruba, it identifies Igbo (both Volta-Niger).
However, for Hausa (Afro-Asiatic), no close rela-
tives exist in the source pool, and the strategy de-
faults to distantly related Niger-Congo languages.

Geographic distance selects based on speaker
proximity. East African targets (Swahili, Kin-
yarwanda) receive East African sources (Kin-
yarwanda/Swabhili, Luganda, Luo), while West
African targets (Hausa, Yoruba, Igbo) receive
West African sources including Nigerian Pidgin,
Ghomala, Yoruba, and Fon. Notably, geographic
selection places Yoruba as a source for both Hausa
and Igbo, capturing the regional clustering of Nige-
rian languages.

Embedding-based selection shows a distinct pat-
tern: it consistently selects Hausa, Swahili, and
Southern Bantu languages (Zulu, Xhosa) across
targets, regardless of genetic or geographic prox-
imity. Notably, all three models select identical
sources despite very different pretraining com-
positions: AfriBERTa was pretrained on 11 lan-
guages (not including Zulu or Xhosa), AfroXLMR
was adapted on 17 languages (including Zulu and
Xhosa), and Serengeti covers 517 languages. The
fact that AfriBERTa selects Zulu and Xhosa despite
never being pretrained on them suggests that the
Bantu languages form a tight typological cluster in
embedding space: once a model learns representa-
tions for some Bantu languages (e.g., Swahili, Kin-
yarwanda), it develops representations that align
well with other Bantu languages even without di-
rect exposure. This likely reflects the deep struc-
tural similarity among Bantu languages, including
shared noun class systems, verb morphology, and
extensive cognate vocabulary. While pretraining
data volume may reinforce this clustering for well-
resourced languages, the AfriBERTa evidence indi-
cates that typological similarity is a primary driver.



Target Strategy Selected Sources
Embedding swa, zul, xho
Hausa Genetic bam, bbj, ewe
Geographic  pcm, bbj, yor
Embedding hau, kin, swa
Yoruba Genetic ibo, bbj, nya
Geographic  fon, pcm, ewe
Embedding  hau, zul, xho
Swabhili Genetic lug, nya, kin
Geographic  kin, lug, luo
Embedding hau, zul, swa
Igbo Genetic bbj, nya, lug
Geographic  bbj, yor, pcm
Embedding swa, zul, hau
Kinyarwanda Genetic lug, swa, nya
Geographic  swa, lug, luo

Table 5: Source languages selected by each strat-
egy for NER (K=3).
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Figure 1: Transfer performance vs. number of
source languages (K) using embedding-based se-
lection. NER and POS improve monotonically up
to K=5, while sentiment plateaus at K=3. Points
show mean performance across three models and
five target languages; error bars indicate standard
deviation across these 15 configurations.

4.2. Phase 2: Optimal Number of
Sources

Using embedding-based selection (which achieves
the highest overall average in Phase 1), we vary
the number of source languages to determine the
optimal K. Figure 1 presents results averaged
across three models and five targets.

The results reveal that more source languages
generally improve transfer performance. For NER
and POS, performance increases monotonically
from K=1to K=5, with K=5 outperforming K=3
by 4.1 and 2.5 percentage points respectively.
This contrasts with prior findings on European lan-
guages, where Lim et al. (2024) observed dimin-
ishing returns beyond K=3. The continued im-
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provement with K=5 for African languages may
reflect greater typological diversity in our source
pool, where even the fifth-best source provides
complementary information not captured by the top
three.

Sentiment analysis exhibits different behavior,
with performance plateauing at K=3. This may
reflect the smaller source pool for sentiment (8 lan-
guages vs. 19 for NER/POS) or domain mismatch
between the Twitter-based sentiment data and
the news-domain FLORES-200 sentences used
to compute embedding similarity.

4.3. Analysis

Why does geographic distance perform well on
sequence labeling? The strong performance of
geographic distance on NER and POS suggests
that regional proximity captures linguistically rele-
vant features for token-level tasks. Geographically
proximate African languages often share lexical bor-
rowings, similar morphological strategies, and over-
lapping named entity conventions due to shared
cultural and political contexts. For instance, geo-
graphic selection places Nigerian Pidgin, Ghomala,
and Yoruba as sources for Hausa, all of which share
the West African linguistic area where extensive lan-
guage contact has produced convergent features
in vocabulary, phonology, and morphosyntax. For
East African targets, it identifies languages from
the Great Lakes and East African coastal regions,
where Bantu languages have undergone contact-
induced convergence distinct from their Southern
Bantu relatives. This also helps explain why geo-
graphic distance outperforms embedding similarity
on sequence labeling despite using less total train-
ing data (Table 6): geographic selection produces
structurally diverse regional sources, whereas em-
bedding similarity concentrates on the Bantu clus-
ter, providing redundant structural signal from typo-
logically similar languages.

Why does embedding similarity lead on senti-
ment? Embedding-based selection outperforms
all other strategies on sentiment analysis while per-
forming comparably on sequence labeling tasks.
For sentiment, the pooled sequence representa-
tion used for classification may benefit more from
aligned embedding spaces than from token-level
structural similarity. Embedding similarity, com-
puted from FLORES-200 parallel sentences, cap-
tures how well two languages share a common
representation space in a given model, which di-
rectly relates to how well sentiment-bearing fea-
tures transfer. In contrast, geographic and genetic
proximity may select structurally similar languages
that nonetheless express sentiment differently in
the social media domain.



When do linguistic distances help? Genetic
distance is most effective when the target has close
relatives in the source pool. For Swahili, genetic
distance selects fellow Bantu languages (Luganda,
Chichewa, Kinyarwanda) and achieves the highest
NER F1 (.777). For Yoruba, selecting Igbo (both
Volta-Niger) also proves effective. However, for
Hausa (Afro-Asiatic), no close relatives exist in the
source pool, and genetic distance defaults to dis-
tantly related Niger-Congo languages, yielding the
lowest NER F1 (.535) among all strategy-target
combinations.

Task differences. The three tasks show different
strategy rankings, which we attribute to the dis-
tinction between token-level and sequence-level
prediction. NER and POS are sequence labeling
tasks where each token’s representation directly
determines its label. These tasks benefit from struc-
tural similarities captured by geographic proximity.
Sentiment analysis relies on a pooled sequence
representation for classification, making it more
sensitive to overall embedding space alignment
than to token-level structural features. This distinc-
tion suggests practitioners should consider the task
type when choosing a selection strategy.

Training data quantity analysis. Since source
languages have varying dataset sizes (Table 1),
different strategies yield different total training data.
To assess whether performance differences simply
reflect data quantity, Table 6 reports the average
total training sentences alongside performance for
each strategy and task. Because all three models
select identical sources for each strategy (genetic
and geographic distances are model-independent,
and embedding similarity produces the same rank-
ings across models), these training data totals apply
equally to all models; per-model performance can
be cross-referenced in Table 3. The data quantity
rankings do not align with performance rankings
on any of the three tasks. For NER, geographic
distance achieves the highest F1 (.673) while us-
ing the least average training data (15,986 sen-
tences), compared to 18,378 for embedding simi-
larity. At the per-target level, the strategy with the
most training data is the best performer in only 1 of
5 cases. For POS, all strategies use nearly identical
totals (2,211 to 2,302 sentences) due to the uniform
dataset sizes in MasakhaPOS, effectively provid-
ing a natural control for data quantity; geographic
distance still leads. For sentiment, geographic dis-
tance uses the most data (23,320 sentences) yet
performs worst (.427), while embedding similar-
ity achieves the best performance (.505) with a
smaller total (20,062). These patterns indicate that
the observed strategy differences reflect genuine
language selection effects rather than data quantity
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Task Strategy Data Score
Embedding 18,378 .644
NER  Genetic 15,999 .645
Geographic 15,986  .673
Embedding 2,211 .694
POS Genetic 2,223 677
Geographic 2,302 .71
Embedding 20,062 .505
Sent. Genetic 18,191 .489
Geographic 23,320 .427

Table 6: Average total training sentences (Data)
and performance (Score) per strategy and task.
The best-performing strategy (bold) does not use
the most data for any task.

artifacts.

5. Conclusion

We presented a systematic comparison of source
language selection strategies for multi-source
cross-lingual transfer to African languages. Our ex-
periments across three tasks, five target languages,
and three multilingual models yield several key find-
ings.

First, no single strategy dominates across all
tasks. Geographic distance achieves the best per-
formance on both sequence labeling tasks (NER
and POS), while embedding similarity leads on
sentiment analysis. This task dependence has
not been previously documented for African lan-
guages and contrasts with prior work on European
languages suggesting embedding-based methods
consistently outperform linguistic distance mea-
sures (Lin et al., 2023; Ebrahimi et al., 2025).

Second, all informed selection strategies outper-
form random selection, with gains of 3—8 percent-
age points overall. This confirms that principled
source language selection provides meaningful
benefits regardless of which strategy is chosen,
and that the common practice of transferring from
English by default leaves substantial performance
on the table.

Third, more source languages generally improve
transfer performance. Unlike prior findings on Eu-
ropean languages showing diminishing returns be-
yond K=3 (Lim et al., 2024), we observe continued
improvement up to K'=5 for NER and POS, suggest-
ing that typologically diverse source pools benefit
from additional languages.

These findings have practical implications for
practitioners building NLP systems for low-resource
African languages. For token-level tasks like NER
and POS tagging, geographic distance provides
a simple and effective selection criterion. For
sequence-level classification tasks like sentiment



analysis, practitioners should compute embedding
similarity (e.g., using cosine gap on FLORES-200
parallel sentences) from the target multilingual
model. When resources permit, including more
source languages (K'=5) yields better results than
the commonly used K=3.

6. Limitations

Our study has several limitations. First, our strat-
egy comparison does not control for total training
data quantity. Since source languages have vary-
ing dataset sizes (Table 1), different strategies yield
different total training examples. Our analysis in
Table 6 shows that data quantity rankings do not
align with performance rankings for any task, indi-
cating that the observed differences are not simply
data quantity artifacts. Nevertheless, a fully con-
trolled comparison holding total training data con-
stant would more rigorously isolate strategy effects
from data quantity effects. In concurrent work, we
address this directly through a budget-constrained
framework that holds total training data constant
across strategies, finding that once data quantity is
controlled, multi-source transfer remains strongly
beneficial while differences among specific alloca-
tion strategies are modest (Idris et al., 2026a).

Second, we report results from a single random
seed for the genetic and geographic strategy com-
parisons due to GPU compute constraints. While
the consistent patterns across 15 configurations per
task (3 models x 5 targets) and the per-model anal-
ysis in Table 3 provide reasonable evidence, multi-
seed experiments would strengthen confidence.
Our experiments varying the number of source lan-
guages (Section 3.5) and embedding-based selec-
tion both include multiple seeds and show consis-
tent trends.

Third, we evaluate only three models; while these
represent diverse pretraining strategies, results
may differ for other architectures. Fourth, our em-
bedding similarity metric relies on FLORES-200,
which may not capture domain-specific similarity
for tasks like sentiment analysis based on social
media text.
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