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Abstract: Medical diagnosis often requires the integration of heterogeneous 

information sources such as clinical text and medical images. While artificial 

intelligence (AI)–based multimodal diagnostic systems have shown promising 

results in data-rich environments, their applicability in low-resource settings 

remains limited due to data scarcity, weak infrastructure, and limited expert 

availability. This paper surveys existing multimodal text–image fusion techniques 

and proposes data-efficient strategies tailored for low-resource healthcare 

environments. We discuss challenges related to data acquisition, annotation, 

alignment, and computational constraints, and analyze fusion architectures 

including early, late, and intermediate fusion. Ethical, practical, and deployment 

considerations are also examined. By focusing on lightweight, interpretable, and 

clinically grounded multimodal fusion approaches, this study highlights pathways 

for improving diagnostic accuracy and accessibility in underserved healthcare 

systems. 

Keywords: Medical diagnosis; Text-image fusion; Multimodal learning; 
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1. Introduction 

 Medical diagnosis is an intrinsically multimodal process where the clinician combines heterogeneous 

marketing sources of information like patient history, clinical notes, laboratory results, and medical imaging 

to make informed decisions. It is a cognitive combination of text and visual information, which enables 

physicians to place radiological findings into a context of a patient and their symptoms and medical history. 

As the use of artificial intelligence (AI) in health care continues to rise, such multimodal reasoning is now 

of primary research interest to be replicated in a computational way. Information fusion methods are not 

new since they are considered to be necessary in case of combining complementary sources of data to 

enhance the accuracy, reliability, and strength of the decision [1], [2]. 

 Initial uses of AI in medical diagnosis were largely unimodal in that they utilized medical images or 

textual clinical information one at a time. The use of image-based models, especially the convolutional 

neural networks (CNNs), has shown high performance in image-based disease detection, including X-rays, 

CT, and MRI images. Nevertheless, the image-only models do not have access to important contextual 

information about symptoms, patient history, risk factors, and usually give ambiguous or incomplete 

diagnostic conclusions [3]. Text-based models that utilize clinical notes and electronic health records, on 

the other hand, may also be able to capture patient context, but can be subjective, lack details, and have 
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inconsistent documentation practices [4]. These shortcomings indicate inherent weaknesses in the use of 

unimodal diagnostic systems. 

 In order to handle these issues, multimodal fusion methods have become an effective medical AI 

paradigm. The fusion-based systems by combining complementary information of various modalities can 

represent a richer picture of the pathology and enhance the quality of diagnosis. Many other studies have 

revealed that multimodal learning is superior to unimodal baselines inference, accuracy, robustness and 

clinical significance [5]. Author of [2], additionally divided the concept of multimodal fusion strategies into 

early, late, and deep (intermediate) fusion, with a focus on their increased significance in biomedical 

practices. Such improvements suggest that successful integration is not just an improvement but a 

requirement towards sound medical diagnosis. 

 In spite of these achievements, the majority of the current multimodal diagnostic systems are designed 

and tested under well-funded health settings, where extensive, well-labeled datasets and supercomputers 

are easily accessible. Conversely, low-resource environments that are prevalent in low-income and middle-

income countries (LMICs) are characterized by extreme limitations such as little labelled information, 

disjointed record-keeping, lack of computing capabilities, and deficit of expert medical staff. The diagnostic 

processes in these environments usually incorporate simple imaging modalities (e.g. chest X-rays or 

ultrasound) and unstructured or handwritten clinical notes. The latter greatly impact the direct use of deep 

learning fusion models that are resource-intensive and need resource-rich settings [6]. 

 One of the most problematic barriers to the implementation of multimodal AI systems in low resource 

healthcare is the lack of data. In contrast to the developed world tertiary hospitals, most clinics do not have 

digitized, standardized, and longitudinal patient records. Medical data annotation also demands expert 

knowledge and thus development of quality-labeled multimodal datasets is expensive and time consuming. 

According to [5], the deep multimodal networks are highly sensitive to a small amount of training data, 

which causes overfitting and inadequate generalization. It has therefore become a necessity to design data-

efficient fusion strategies that may be able to work reliably under extreme data constraints. 

 The heterogeneity and mismatch of multimodal medical data is another critical area of problems. The 

textual and visual data are commonly gathered separately, which raises the possibility of erroneous image 

combination with the report, absence of modalities, or irregular vocabulary. Author of [7], emphasized that 

image-report alignment error can have a great impact on the performance of models even in well-curated 

datasets. Such problems are magnified in low-resource environments, which in many cases lack 

documentation standards and interoperability standards. Consequently, effective representation learning 

and alignment systems are necessary towards realistic multimodal fusion. 

 The available literature of multimodal medical fusion has mainly been presented as image-image fusion 

like CT-MRI fusion to improve visual quality or surface structures [8-10]. Although these approaches are 

valuable, they do not help answer the clinically crucial question of integrating the textual and visual 

information, which reflects the real-life diagnostic reasoning. A more modern development has been 

examined in text-image fusion in medical diagnostics that has shown that the fusion can be useful in 

enhancing disease classification and decision support [6]. The works, however, usually presuppose access 

to large, clean datasets and do not clearly mention the limitations posed by low-resource settings. 

 Considering these shortcomings, a major research gap is still to create multimodal text-image fusion 

frameworks specifically to apply to the context of low-resource healthcare facilities. Namely, the absence 

of methodologies that would all deal with data sparsity, noisy and unstructured text, misaligned modalities, 

computational and clinical interpretability is present. To address this gap, fusion architecture needs to be 

reconsidered, with transfer learning, domain knowledge, and lightweight and explainable models that are 

designed and can be effectively applied in constrained settings. 

 The given paper will solve these problems by offering a thorough analysis of multimodal text and image 

fusion methods to diagnose the medical problem in low-resource conditions. We search the literature, 

consider the strategies of dealing with data scarcity, fusion architectures, and comment on evaluation, 

ethical, and practice. With the aim of creating more equitable and accessible AI-based solutions to 
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healthcare in the world, this work aims to make a contribution to the data-efficient, interpretable, and 

deployable fusion strategies. 

2. Literature Analysis 

 Implementation of artificial intelligence in medical diagnosis has grown at a fast rate with much 

emphasis being laid in machine learning models which analyze medical images and clinical text. In medical 

AI, early studies focused mostly on unimodal models (especially on image-based diagnostic models). 

Convolutional neural networks (CNNs) have been extensively utilized in medical imaging studies such as 

detecting disease, segmentation, and classification of modalities such as X-rays, CT scans, and MRI [3]. 

These methods proved to be highly visual pattern recognition methods, but they do not have access to any 

contextual information about the patient and so are only able to be diagnostic to a certain degree. 

 Medical AI systems as text systems developed concurrently, based on clinical notes, radiology reports, 

and electronic health records, through natural language processing (NLP). The development of word 

representations and contextual language models made it possible to extract meaningful representations out 

of unstructured clinical text. In spite of these changes, the text-only method is limited by the lack of 

consistency in documentation, data gaps, and subjective language, especially in low-resource clinical 

settings [4]. Consequently, unimodal systems do not reflect the complete clinical picture, which would be 

used to make the correct diagnosis. 

 In order to address the weaknesses associated with unimodal learning, multimodal fusion methods have 

continued to receive growing interest. The information fusion systems combine the heterogeneous sources 

of information to boost the accuracy and resilience of decisions. Author of [1] gave a background on data 

fusion and highlighted the importance of the process in complex decision systems. Following up on this, 

author of [2] used a systematic system of categorizing multimodal fusion strategies as early, late, and deep 

(intermediate) fusion, and indicated their usability in biomedical contexts. These strategies proved that the 

incorporation of more than one data modality results in high-quality diagnostic performance in comparison 

to unimodal baselines. 

 Significant literature on the topic of medical fusion has focused on multimodal image fusion, in which 

two or more imaging modalities are encouraged to be used jointly to enhance visual clarity and structural 

detail, which could be CT, MRI, PET, or ultrasound. Such methods as wavelet transforms, sparse 

representation, dictionary learning, and neural networks have been actively studied [8-10]. Although these 

approaches improve image quality and diagnostic interpretability, they fail to consider the clinically 

important task of combining text and image information, which is the basis of diagnostic reasoning in 

practice. 

 These studies have more recently started to investigate the text image fusion as a medical diagnostic 

tool. The authors of the [6] study developed a comparative evaluation of text-image fusion models and 

proved that multimodal systems outperformed unimodal models in medical decision-making problems. 

Author of [5] also demonstrated that deep multimodal fusion architectures can be used to successfully learn 

complementary modal representations, which result in improved disease classification. Transformer based 

and attention guided fusion mechanisms as well have been proposed to facilitate fine-grained cross-modal 

interactions to enable models to attend to relevant image regions when guided by textual cues. 

 Although they came with this progress, the vast majority of the existing multimodal fusion research 

presupposes the presence of large, well-correlated, and high-quality data that is usually gathered in the well-

resourced healthcare facility. Such an assumption has a profound implication of restricting their use in low-

resource errors where the data is usually limited, noisy, incomplete and not well-standardized. What is more, 

the problem of the multimodal alignment is not properly addressed. Cases of clinical text and medical 

images are often gathered separately, which raises the risk of incorrect or irregular image-report 

combinations. Author of [11] pointed out that image-report pairing errors are an inherent feature even on 

the curated datasets, which result in poor model performance and inaccurate predictions. 
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 These alignment problems are further compounded by handwritten notes, poor terminology consistency, 

disjointed record keeping and poor standards of interoperability in low resource healthcare settings. Thus, 

current fusion techniques are frequently unable to generalize with such limitations. On top of that, a large 

number of deep fusion architectures are computationally expensive, and cannot be deployed in low 

processing power and infrastructure environments [6]. 

Research Gap 

 In short, contemporary literature shows that multimodal fusion approaches can greatly enhance the 

medical diagnostic tasks by combining the complementary information that the various sources of data 

provide. Past studies have been quite effective in coming up with early, late, and deep fusion architecture 

especially in multimodal image fusion and more recently, in text image diagnostic system. These works 

determine the usefulness of multimodal learning in improving accuracy, strength and clinical utility. 

 Nevertheless, there is one gap of research that is critical. The existing multimodal fusion approaches 

mostly assume that there is plenty of well-aligned and high-quality data, and they do not directly address 

multimodal alignment in extreme scarcity of the data. More specifically, there are no methods that 

effectively resolve image report pairing errors, unstructured and noisy clinical text, small labeled data and 

computational limitations, all at the same time. The identified gap indicates that data-efficient, robust, and 

alignment-aware multimodal text image fusion frameworks which are specifically tailored to low-resource 

medical diagnosis are needed. 

3. Methodology 

 Here, the section outlines the proposed methodology of the multimodal text-image fusion in medical 

diagnosis with a special consideration of the low-resource healthcare environment. This methodology will 

be data-efficient, computationally feasible and clinically interpretable. It involves four steps, including data 

acquisition and preprocessing, feature extraction that is modality specific, multimodal fusion and diagnostic 

prediction. 

 Since the current study is a literature-based analysis, the quantitative findings in the current section are 

the synthesized findings on the previously published studies to demonstrate the comparative performance 

trends between the unimodal and multimodal diagnostic models. 

3.1. Overall Methodological Framework 

 The suggested architecture will combine clinical text and medical images by use of a systematic pipeline 

which includes data acquisition, preprocessing, feature extraction and multimodal fusion to predict 

diagnosis. It is explicitly constructed to be data-sparse and computationally affordable in low-resource 

healthcare facilities. Figure 1 shows the entire workflow. 

3.2. Modality-Specific Feature Extraction 

 In the case of image data, the convolutional neural networks (CNNs) are applied to the image data to 

extract high-level visual information (texture, shape, and spatial patterns) that are suggestive of pathology. 

Data scarcity is reduced through transfer learning of pretrained image models. 

 In the case of text data, natural language processing (NLP) methods transform unstructured clinical text 

to numerical forms. The capture of medical terminology, abbreviations and description of symptoms is 

possible with the use of contextual embeddings. 
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Figure 1: Methodology flowchart 

3.3. Fusion Strategy Comparison 

 In order to compare the various multimodal integration strategies, three common fusion strategies are 

taken into consideration and these include early fusion, late fusion and intermediate fusion. The difference 

between these strategies lies in the combination of text and image modalities information in terms of place 

and time. 

 Joint feature learning is achieved through early fusion and demands well-aligned data and more 

calculations. Late fusion is computationally acceptable and can operate in low-resource environments but 

cannot necessarily determine more modality interactions. The compromise is listed as intermediate fusion, 

which learns cross-modal representations, but regulates the complexity. Table 1 illustrate the comparison 

of multi-modal fusion strategies. 
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Table 1: Comparison of Multimodal Fusion Strategies 

Fusion 

Strategy 

Description Advantages Limitations Computational 

Cost 

Early Fusion 

[12] 

Concatenates raw or low-

level features from text and 

images before classification  

Captures direct 

cross-modal 

interactions 

Sensitive to 

noise and 

misalignment 

High 

Late Fusion 

[13] 

Combines predictions from 

independent unimodal 

models 

Simple and 

robust to missing 

modalities 

Limited cross-

modal learning 

Low 

Intermediate 

Fusion [14] 

Merges modality-specific 

features at hidden layers 

Balanced 

performance and 

flexibility 

Requires careful 

architecture 

design 

Medium 

3.4. Attention-Based and Transformer-Based Fusion 

 To improve cross-modal alignment, attention mechanisms are also added to enable the model to 

emphasize on clinically important areas in the image based on textual information. Attention-based fusion 

allows multimodal features to be weighted dynamically and is more interpretable [15], [16]. 

 The concept of transformer-based fusion architectures is a further extension of this concept to the joint 

modeling of text tokens and image patches sequences. This allows these models to engage in deep cross-

modal interactions by using self-attention and cross-attention layers, and they are specifically useful in 

complex diagnostic reasoning [17]. Nonetheless, lightweight or compressed variants of the transformer are 

better in low-resource environments because of their computational cost. 

3.5. Domain Knowledge 

 Inclusion of the medical domain knowledge turns out to enhance model reliability particularly in 

situations where data of training is sketchy. Guidance could be provided to feature alignment and 

interpretation with the help of knowledge graphs and clinical ontologies.  

Illustrative Example 

 Assuming that a clinical note is written and any word or phrase in it includes the word shadow, a medical 

knowledge graph can be used to match this text-based idea with a radiological artifact, like lung opacities 

in a chest X-ray. In fusion, the model is able to give priority to image areas with occurrence of opaqueness 

when handling the respective textual cue and hence is simulating clinical reasoning. This explicit 

association aids to decrease the ambiguity and to increase the interpretability. 

3.6. Pseudocode of the Proposed Methodology 

Pseudocode 

Input: Medical Image I, Clinical Text T 

Output: Diagnostic Prediction D 

 

1: Preprocess I and T 

2: Extract visual features FV = CNN(I) 

3: Extract textual features FT = NLP_Encoder(T) 

 

4: if Fusion_Type == Early: 
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5:     F = Concatenate(FV, FT) 

6:     D = Final_Classifier(F) 

 

7: elif Fusion_Type == Late: 

8:     DV = Classifier(FV) 

9:     DT = Classifier(FT) 

10:    D = Combine(DV, DT) 

 

11: elif Fusion_Type == Intermediate: 

12:    F = Merge(FV, FT) at hidden layer 

13:    D = Final_Classifier(F) 

 

14: return D 

3.7. Suitability for Low-Resource Settings 

 The suggested methodology focuses on: 

• Transfer learning to cut down on the need of labeled data. 

• Lightweight fusion structures to reduce the cost in computation. 

• Attentional and domain knowledge interpretability. 

• Resistance to dirty and inconsistent information. 

 These features render the framework usable in low-resource healthcare settings. 

4. Evaluation 

 Strict testing is also needed to determine the reliability and clinical utility of multimodal text-image 

fusion models, which in low-resource care settings such as those of a healthcare facility, diagnostic errors 

may have dire outcomes. Besides the predictive performance, predictive performance needs to be measured 

in terms of model calibration, explainability, and clinical validation to make sure that it is safely and reliably 

deployed. 

4.1 Diagnostic Performance Metrics 

 Diagnostic accuracy is measured using standard classification metrics such as accuracy, sensitivity 

(recall), specificity, precision and F1-score. In medical diagnosis, sensitivity is essential to minimize the 

cases of missed diseases; whereas specificity aims at reducing cases of false alarm. In the case of 

imbalanced data sets, the area under the receiver operating characteristic curve (AUC-ROC) and the area 

under the precision recall curve (AUC-PR) are both good measures of discriminative performance. These 

measures allow comparing favorably unimodal and multimodal fusion models and show the value of 

multimodal integration. Table 2 demonstrates general performance trends reported in these previous studies 

on multimodal medical AI [18-21]. Current literature also demonstrates that multimodal fusion models are 

superior to unimodal models (text only and image only) in terms of accuracy, sensitivity, specificity and 

F1-score because they combine in-complementary information in various data sources. 
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Table 2: Performance Comparison of Diagnostic Models 

Model Type Accuracy (%) Sensitivity (%) Specificity (%) F1-Score 

Text-only 71.0 68.5 73.2 70.1 

Image-only 76.0 74.1 77.8 75.0 

Late Fusion 82.0 80.3 83.5 81.1 

 A visual comparison of diagnostic accuracy across different literature models [18-21] is illustrated in 

Figure 2 below. 

 

Figure 2: Comparison of diagnostic accurse fusion methods 

 The variation in sensitivity and specificity across different literature models [18-21] is shown in Figure 

3. 

 

Figure 3: Sensitivity and Specificity Comparison 

4.2 Calibration and Clinical Reliability 

 In addition to the discrimination performance, the calibration metrics plays an important role in the 

assessment of clinical reliability. A model with good calibration will have probability estimates that indicate 
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the true likelihood of outcome which is necessary in clinical decision making. The quality of calibration is 

measured using such metrics like the Brier Score and Expected Calibration Error (ECE). A smaller value 

is an indication of a higher compatibility between forecasted probabilities and actual results. The point of 

well-calibrated predictions in low-resource environments requires clinicians to heavily trust the AI 

suggestion which may result in overconfidence in false diagnosis. Table 3 condenses the characteristic 

trends of the performance of calibration on the findings of the earlier research on uncertainty estimation 

and the model reliability in the medical AI [18-21]. 

Table 3: Calibration Metrics 

Model Brier Score ↓ ECE ↓ 

Text-only 0.19 0.12 

Image-only 0.16 0.10 

Late Fusion 0.11 0.07 

Intermediate Fusion 0.08 0.05 

 

 The calibration behavior of the multimodal model from literature [18-21], is illustrated in Figure 4. 

 

Figure 4: Calibration curve for the multimodal fusion model 

4.3 Explainability and Model Interpretation 

 Explainability is one of the main factors used to assess multimodal diagnostic systems. Visual-text 

attention systems are an intuitive and concrete explainability method by pointing to the salient areas in 

medical images (e.g., areas of opaque in an X-ray) and significant textual tokens (e.g., shortness of breath 

or shadow). Attention heatmaps Visual and text Visual heatmaps allow clinicians to check that the decision 

made by the model is based on clinically relevant evidence of both modalities. It is these interpretability 

tools that enable qualitative assessment of the medical experts and enhance the trust of AI-assisted diagnosis. 
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4.4 Human-in-the-Loop Evaluation 

 In order to make it practical, human in the loop evaluation is added to the assessment procedure. Within 

this paradigm, clinicians look at the model predictions, attention maps and confidence estimate and give 

feedback on correctness and clinical relevance. This joint assessment will enable medical professionals to 

verify AI results, define lack of success cases, and improve system performance. The human-in-the-loop 

testing method is especially useful in low-resource environments, where clinical experience in the area can 

be used to offset a lack of training data and enhance system robustness through time. 

5. Ethical, Practical, and Technical Considerations 

 The deployment of multimodal AI systems for medical diagnosis in low-resource settings raises 

important ethical, practical, and technical concerns that must be addressed to ensure safe, fair, and 

sustainable use. 

5.1 Trustworthiness, Explainability, and Transparency 

 Medical AI can be trusted only in the close connection with explainability and transparency. The more 

the model decisions can be explained and justified, the more clinicians can trust and accept AI systems. 

Transparency techniques that utilize saliency, including attention heatmaps and feature importance 

visualization, can be used to understand which parts of the image are used to make a diagnosis and what 

parts of a text are used to make a diagnosis. Also, model uncertainty estimates convey a sense of confidence, 

which enables clinicians to identify the cases of uncertainty that need further investigation. Multimodal 

systems can inform clinical decision-making instead of throwing out expert judgment by providing 

explainability, coupled with being aware of the uncertainty. 

5.2 Ethical Considerations and Bias Mitigation 

 Patient data privacy, informed consent and the possibility of biasness in training data are some ethical 

issues. Low-resource datasets can either focus too little on some population or pattern of disease, causing 

biased forecasts. Healthcare disparities should not be exacerbated with close data management, 

anonymization tools, and bias-sensitive assessment measures. The deployment of models ethically is to be 

monitored and validated on ongoing basis and in a variety of patients. 

5.3 Practical Deployment Constraints 

 Practical issues are the lack of computational resources, untrusted connectivity and compatibility with 

the current clinical processes. The multimodal fusion models should be computationally lean and able to 

operate with the existing hardware. Interfaces should be user-friendly and should not disrupt workflow 

greatly in order to be adopted. It is also important to train healthcare personnel to be responsible in 

interpreting AI outputs especially where technical assistance might be insufficient. Table 4 qualitatively 

compares the computational and practical considerations based on literature available on the topic of 

multimodal fusion [22]. 

Table 4: Computational and Practical Considerations 

Aspect Text-only Image-only Late Fusion Intermediate 

Fusion 

Data Requirement Low Medium Medium High 

Computational Cost Low Medium Low Medium 

Explainability High Medium High Medium 

Suitability for Low-Resource Settings Moderate Moderate High High 
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5.4 Technical Robustness and Sustainability 

 Technically, it should be robust to noisy, incomplete and misaligned data. Models have to be able to 

generalize to other clinics and imaging equipment and maintain their consistency in terms of performance. 

The process of sustainable deployment also needs systems of periodic updates, incorporation of clinician 

feedback, and accommodation of clinical changes. Resource-constrained environments can be maintained 

over the long-term using lightweight architectures and modular designs. 

6. Discussion 

 Multimodal text-image fusion offers a promising future of enhancing medical diagnosis especially in 

low resource medical settings where clinical skills and data access is constrained. Multimodal systems are 

able to recapitulate the diagnostic reasoning in the real world by integrating complementary information in 

clinical text and medical images overcoming the natural limitations of unimodal systems. The examined 

fusion approaches reveal that intermediate and attention-based fusion designs are particularly effective to 

learn cross-modal relations and retain the ability to understand them. 

 Although such advantages exist, one should admit several limitations and challenges. A big struggle is 

the domain shift whereby models trained on data of one hospital or area cannot work well in a new area 

because of variations in imaging equipment, documentation pattern or patient demographics. This is of 

special concern to low-resource environments, where the heterogeneity of data is marked and the 

standardization is minimal. The domain shift needs to be addressed with strategies of adaptive learning and 

strong validation in many sites. 

 The data quality and alignment are other significant issues. Incomplete, noisy, and inconsistently 

recorded clinical text, and errors in image-report pairing, may impair the effectiveness of multimodal 

learning. The additional demands can be met by preprocessing, alignment, and fusion strategies to address 

these challenges. Moreover, the maintenance of the infrastructure is also a viable point. Even the 

lightweight AI systems need to have stable hardware, regular updates, and technical support, which might 

not be very easy to maintain in the resource-constrained settings. 

 Lastly, although the explainable AI mechanisms like attention heat maps can improve clinician 

confidence, they do not comprehensively ensure clinical accuracy. This will pose risks in case of over-

dependence on the output of AI without sufficient human supervision. Thus, the use of multimodal systems 

must be introduced as a tool of support and not to substitute clinical skills. The awareness of these 

shortcomings is crucial to responsible deployment and is accompanied by the necessity to conduct further 

research on powerful, adaptable, and clinical-based multimodal diagnostic frameworks. 

7. Conclusion 

 This paper discussed multimodal text-image fusion methods in medical diagnostics in terms of low-

resource health facilities. Through the analysis of the literature and the fusion strategies, data scarcity 

reduction approaches, methodologies and ethical concerns, the paper introduces the high potential of 

multimodal AI as a way of improving diagnostic accuracy and access. Clinical text and medical image 

fusion facilitates a contextual and holistic diagnostic support as opposed to the unimodal systems.  

 Though, issues influencing data scarcity, modality mismatch, domain shift, and hardware capacity are 

still major obstacles to the practical use. The solutions that can be used to address such problems include 

data-efficient, interpretable, and computationally lightweight fusion architectures that do not conflict with 

clinical workflows or ethical standards. 

 Future research might consider lightweight multimodal transformers, federated fusion models, and 

adaptive domain generalization methods to make further gains on the scalability, privacy guarantees and 

resiliency of low-resource healthcare settings. 
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